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Public sector organizations are making significant investments in information 
technology (IT) to transform the way in which they serve their external 
stakeholders e.g., businesses and citizens. Going beyond early efforts to 
automate existing services, public agencies are seeking opportunities to use IT 
to enhance stakeholder participation and engagement. A recent step in this 
direction is allowing the public access to raw datasets through open data 
initiatives for them to play an increased role in service innovation. This trend 
towards open data could indicate an increasing reliance by public agencies on 
their external stakeholders to develop and enhance public services as a result of 
resource constraints. However, there is little understanding of the open data 
phenomenon, particularly if public agencies’ resource dependencies are drivers 
for their intention to engage in open data initiatives. Moreover, while public 
agencies that have implemented open data initiatives seek to promote the use of 
this data by organizing events such as challenge competitions, external 
stakeholders’ interest to innovate with open data has been disappointing. In 
essence, these challenges raise questions about: (1) whether resource 
dependence of public agencies motivates them to share data, and (2) the reasons 
inhibiting the demand-side of open data initiatives. This thesis addresses these 
issues separately in two essays. 
From the supply-side perceptive, Essay 1 develops a model that explains how 
public agencies’ dependence on various external stakeholders’ resources can 
influence their open data sharing behaviour based on resource dependency 
theory and the resource-based view. Our results of testing the model through a 
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survey of 102 public sector organizations indicate that IT and human resources 
are two types of resources that public agencies are dependent on their external 
stakeholders, while there was no significant dependence for financial resource. 
We further found that public agencies’ dependence on external stakeholders 
positively relates to their open data sharing behaviour. Results also suggest that 
the sensitivity of agency function and public agency conformity needs 
negatively and positively influence open data sharing behaviour respectively.  
Essay 2 examines the reasons hindering the demand-side of open data initiatives 
from the theoretical perspective of risk-taking by identifying the different 
sources of uncertainty that potential innovators can consider/perceive when 
deciding whether or not to innovate with open data. Important uncertainty types 
(i.e., financial, IT, competitive, demand) were identified from the literature 
along with a unique type (i.e., data uncertainty) proposed in this study. In 
addition, we propose the direct and moderating impacts of several psychological 
variables (e.g., innovativeness, risk taking propensity) of external innovators on 
their intention to innovate with open data. Findings from testing the model 
through a survey of 144 potential open data innovators indicate that while 
financial, IT, demand, and data uncertainty had positive effects on perceived 
risk of innovating, competitive uncertainty had no effect. Our results also show 
that risk taking propensity negatively affects perceived risk of innovating, 
which in turn negatively impacts the intention to innovate with open data. 
Individual innovativeness had no direct effect but was found to moderate the 
impact of perceived risk on innovation intention.  
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Overall, the findings of this thesis contribute to theory building in open data 
innovation, both from the supply-side and demand-side. In addition, the thesis 
yields important implications for management of public agencies who are 
contemplating to launch open data initiatives, and on how to encourage potential 
innovators to make use of open data.
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CHAPTER 1.       
INTRODUCTION 
1.1 E-Government 
Public sector organizations around the world are increasingly leveraging on the 
advancements in information technology (IT) to transform their capability to 
serve their stakeholders and enhance internal functions (Lee 2010). Termed as 
E-government, the phenomenon is defined as the use of IT to computerize, 
automate, and deliver information and services for the benefit of citizens, 
businesses, and public agencies (Turban et al. 2006). Globally, significant IT 
investments are being made by governments (United Nations 2012). It was 
estimated that $68.6B was spent on ICT by Western European governments in 
2013 and the total US Federal Government IT spending is expected to surpass 
$82B in 2014 (The White House 2014).    
To assess the stages of e-government development, researchers have proposed 
several maturity models that provide government agencies with a guide for its 
evaluation and steps to progress (e.g., West 2004). In general, initial e-
government efforts are focused on the automation of existing processes for 
improved efficiency (Layne and Lee, 2001). Early stages of e-government 
development are also characterized by minimal interaction between public 
agencies and users (Siau and Long 2005). As e-government efforts mature, 
public agencies seek to use ICT with the aim to enhance cooperation and 
interaction with external stakeholders (Lee 2010). Thus, a recent approach to 
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increasing stakeholder participation in government is through the use of 
collaborative technologies of Web 2.0, known as Gov2.0 (Nam 2011).  
1.2 Web 2.0 and Gov 2.0 
The mid-2000’s has witnessed an explosion of usage of web applications that 
allow for online collaboration, information sharing, and user-generated content, 
i.e., Web 2.0 (Chang and Kannan 2008). Some examples of Web 2.0 
applications include wikis, forums, blogs, and social networking sites such as 
Facebook, Twitter and YouTube. Characterized as participatory and integrated, 
Web 2.0 is suggested to be able to change the way government agencies deliver 
services and manage their relationships with the public (Ahn 2012; Mintz 2008).  
Recognizing the unique opportunities that Web 2.0 can provide to public 
agencies, the concept of Gov 2.0 surfaced with promises of co-innovation with 
external stakeholders, improved sharing of resources that were previously 
guarded by public agencies, and importantly, the ability to harness the power of 
mass collaboration (Tapscott et al. 2008). Differentiating from the traditional e-
government model where the focus is on information provision, service 
provision, policy enforcement, and internal governance, Gov 2.0 signifies a 
paradigm shift towards information creation, service demand, policy making 
and negotiation, and shared governance (Chun et al. 2010). This is made possible 
with the emergence of Web 2.0 technologies that can open up new and innovative 
methods for immediate and on-going interaction between governments and their 
stakeholders, towards a more open, transparent and engaging form.  
Concurrent with governments seeking to expand their reach and engage the 
public beyond traditional means with Web2.0 tools, there is an increasing 
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recognition that with the rise of an internet-savvy society, external stakeholders 
are more willing to interact with public agencies online (Chang and Kannan 
2008; Tapscott et al. 2008). The Web 2.0 phenomenon suggests that external 
stakeholders are gratified in significant ways by their ability to play an active 
role in generating content rather than passively consuming information 
generated by others (Zappen et al. 2008). In the Web 2.0 era, initiatives led by 
external stakeholders (businesses and citizens) have surfaced in parallel to 
engage the government (Bertot et al. 2010). Table 1.1 shows a sample of 
initiatives globally that have adopted Web 2.0 tools in the e-government context 
i.e., Gov 2.0. 
Other than leveraging Web 2.0 as a new approach to expand their reach and 
engagement with the public beyond traditional means, public agencies are 
seeking to take advantage of these increased opportunities to tap on external 
resources to enhance public value (Lee et al. 2012). This approach to leverage 
external stakeholders has created a new frontier for the innovation of public 
services, under the paradigm of open innovation.  
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Table 1.1: Sample of Gov2.0 Initiatives 
Name Link Country Description 
Government initiatives to promote public participation  
e-People www.epeople.go.kr South Korea Invites civil petitions online (e.g. policy suggestions) after 
which, the government will report back on its decision 
PeerToPatent www.peertopatent.org U.S. Engages the community to supply information relevant to 
assessing the claims of pending patent applications 
Reach www.reach.gov.sg Singapore Promotes active citizenry through citizen participation and 
involvement  
Business or citizen-driven initiatives to engage the government 
CrisisCommons 
(Citizen-initiated) 
www.crisiscommons.org U.S. A movement of global volunteers who collaborate to catalyse 
innovation in crisis management and global development with 
creative problem solving and open technologies to assist 
authorities in civil incident management 
GovLoop 
(Citizen-initiated) 
www.govloop.com U.S. A social network for the government and community to connect 
and share information, and promote innovation. 
PatientOpinion 
(Business-initiated) 
www.patientopinion.org.uk U.K. Allows the public to share experiences and opinions of health 
services in UK for service improvement 
SeeClickFix 
(Citizen-initiated) 
www.seeclickfix.com U.S. Enables individuals to report non-emergency civic issues (e.g., 
pothole) to the relevant authorities. 
WriteToThem 
(Citizen-initiated) 
www.writetothem.com U.K. Enables the public to get in touch easily with their elected 
representatives, whether local, national or European 
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1.3 Public Sector Open Innovation 
Open innovation is defined as “the use of purposive inflows and outflows of 
knowledge to accelerate internal innovation, and expand the markets for 
external use of innovations, respectively” (Chesbrough 2006, pg. 1). 
Contrasting with the closed innovation paradigm where organizations solely 
rely on internal R&D functions for the discovery of new business opportunities 
to stay ahead of the competition, the open innovation paradigm has been 
motivated by several factors such as the increasing mobility of knowledge 
workers, the development of new financial structures, and the array of external 
knowledge available for innovation (Elmquist et al. 2009). First, with the 
increased availability and mobility of skilled workers, previously fortified silos 
of knowledge within organizations could be easily diffused into the market and 
readily assessed by external parties (Chesbrough 2006). As knowledge workers 
leave an organization, either by will or being lured by rival firms, they bring 
with them tacit knowledge from their previous workplace that could be 
beneficial to the new organization. When hired by rival firms, these 
organizations can leverage on their new employees’ knowledge and experience 
without the need for extensive investments on R&D. Second, with the expansion 
of the venture capital market, knowledge workers may decide to commercialize 
ideas obtained during their previous employment, in the form of a start-up firm. 
As R&D activities in an organization develop new ideas and products for the 
market, organizations may decide to shelf these for later use. However, with 
innovative ideas leaving organizations more easily than before, these ideas may 
be commercialized by external parties even earlier than the organization where 
the idea originated from. Third, the closed innovation paradigm emphasizes that 
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ideas are generated internally by the organization’s science and technology base. 
However, as noted by Chesbrough (2006), with the increasing array of 
knowledge that resides external to the organization, failure to access and 
integrate these relevant knowledge into the organization may cause the loss of 
opportunities. As these factors erode the foundations of the closed innovation 
paradigm leading to the blurring of boundaries between an organization and the 
environment, the open innovation paradigm has emerged acknowledging the 
increased porosity of innovation flow. As a result, this new paradigm is gaining 
traction as firms begin to explore new ways to leverage external knowledge 
sources to assist in their innovation activities (Enkel et al. 2009) 
Firms adopting the open innovation approach can engage in different strategies 
to achieve competitive advantage. Three main strategies may be adopted in the 
open innovation process (Gassmann and Enkel 2004). First, open innovation 
can be achieved with an inside-out process where firms can bring ideas to the 
market by externalizing knowledge and transferring assets beyond their 
boundaries to stimulate external innovation. A common implementation 
exemplifying this approach is the licensing of firms’ intellectual property to 
external parties to gain additional revenue. Second, firms can also engage in the 
outside-in process where the focus is to reach out to the external environment 
for the purpose of acquiring resources such as knowledge. This is often 
performed due to a realization that the abundance of knowledge in the external 
environment should be tapped to develop better products or services instead of 
relying on internal R&D (Laursen and Salter 2006; Boudreau and Lakhani 
2009). A popular approach here is crowdsourcing, where firms can post 
challenges online for external knowledge workers to solve organizational tasks 
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(Ye and Kankanhalli 2013). Last, as a hybrid strategy, firms can adopt the 
coupled process that combines both the outside-in and inside-out approaches to 
achieve synergy among different parties. This process often entails firm-level 
cooperation for the joint development of new knowledge through arrangements 
such as joint ventures or alliances.  
Although prior open innovation research has focused on the shift towards this 
paradigm in the private sector, a growing number of public sector organizations 
are also undertaking open innovation initiatives (Bommert 2010; Assar et al. 
2011). In contrast to the private sector that initiates innovation with the aim to 
achieve competitive advantage, public sector organizations primarily perform 
innovation with the aim to improve service performance and public value 
(Bommert 2010). Beyond fundamental differences in ownership, funding, and 
control, it has been noted that even as the public sector import practices from 
the private sector, public sector organizations continue to retain distinctive 
characteristics (Andrews et al. 2011). Together with unique networked forms of 
governance for open innovation in the public sector, i.e., government-led, 
community-led (Lee et al. 2012), these suggest that findings on open innovation 
in the private sector may not be directly applicable to the public sector.  
Among the different initiatives launched by public agencies to apply open 
innovation (e.g. idea and innovation competitions for solving various problems, 
government funding of innovative proposals that have the potential to create 
public value), a recent approach is to embark on open data initiatives to make 
their data available online for public utilization and innovation. 
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1.4 Open Data 
Open data initiatives are being launched by public organizations as part of their 
efforts to enhance their services through improving stakeholder innovation, 
engagement and participation (Nam and Sayogo 2011). As an example of the 
inside-out open innovation strategy (Lee et al. 2012), open data involves making 
data and information produced or commissioned by public agencies freely 
usable, reusable and redistributable by anyone (United Nations 2012). 
A common implementation of open data initiative is with the launch of a data 
portal (Davies and Lithwick 2010). The portal serves as a one-stop location 
where available datasets from government agencies are posted. From these 
portals, interested parties will be able to browse the description of datasets that 
interest them. Subsequently, they will either be redirected to the agency’s 
website for retrieval of the dataset, or be able to download them directly from 
the portal. These datasets are often in their raw form and can be used for the 
development of new services. Table 1.2 lists a sample of open data initiatives 
from around the globe arranged by their year of portal launch. A complete list 
of national open data portals is shown in Appendix A, Table A.1. 
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Table 1.2: Sample of Open Data Initiatives 
Launched Name Link Country Description 
2009 Data.gov data.gov U.S. Allows the public to access datasets that are 
generated and held by the federal government to 
increase citizen participation, collaboration, and 
transparency 
2010 Data.gov.uk www.data.gov.uk U.K. Allows the public to access datasets generated by 
the government for citizens to develop applications 
based on these datasets 
2011 Data.gov.au data.gov.au Australia Provides an easy way to find, access and reuse 
public datasets from the Australian Government and 
state and territory governments 
2011 Portal de Datos Públicos  datos.gob.cl Chile Allows people to have access to information based 
on which the government makes decisions for public 
policy to promote transparency and innovation 
2011 Data.One www.gov.hk/en/theme/psi Hong Kong A portal to facilitate the wider dissemination of 
Public Sector Information (PSI) for value-added re-
use 
2011 Open Kenya opendata.go.ke Kenya To make core government development, 
demographic, statistical and expenditure data 
available in a useful digital format for researchers, 
policymakers, ICT developers and the general public 
10 
2011 Overheid.nl data.overheid.nl Netherlands Allows the public to find information about open 
government data and the national registry with links 
to existing open datasets 
2011 Data.gov.sg data.gov.sg Singapore To provide convenient access to publicly-available 
data published by the Singapore government, create 
value by catalyzing application development, and 
facilitate analysis and research 
2012 Data.gov.in data.gov.in India To increase transparency in the functioning of 
government and also open avenues for more 
innovative uses of government data  
2013 European Union Open 
Data Portal 
Open-data.europa.eu European Union To promote the innovative use and unleash the 
economic potential of government data. It also aims 
to help foster the transparency and the accountability 
of the institutions and other bodies of the EU 
2014 Data.gov.ph Data.gov.ph Philippines To foster a citizenry empowered to make informed 
decisions, and to promote efficiency and 
transparency in government 
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Based on the description of a sample of open data portals launched over the past 
few years (see Table 1.2), it can be deduced that the objectives of launching 
these portals fall into two categories, i.e., transparency and innovation. For most 
countries such as the US, Philippines and India, open data is seen as a means to 
promote transparency in government by allowing visibility to the information 
concerning government actions. In addition, it is observed that a common theme 
among open data initiatives is to promote value-added reuse through innovative 
uses of released datasets. For example, the European Union portal places an 
emphasis on the economic potential that can be unleashed with open data. Also, 
one of the aims for the Singapore open data portal is to catalyse application 
development to create public value. In this thesis, we will focus on the use of 
open data to stimulate innovation for the delivery of new services and 
enhancement of public value. 
1.5 Motivation and Research Questions 
In this section, we describe the motivations and the research questions for the 
two essays of this thesis. As open data initiatives are gaining attention from 
public sector organizations across the globe, this recent phenomenon provides 
several research opportunities to gain insights in this area. Specifically, the 
approach taken in this thesis is to investigate salient issues from both the supply-
side and demand-side of open data innovation. The supply-side comprises of 
public sector organizations who are the providers of datasets for use by the 
public, while external stakeholders (e.g., businesses and citizens) represent the 
demand-side of open data innovation. Taking this two-pronged approach to 
understand open data innovation is important, as an imbalance in interest from 
either side may not lead to innovation with open data. Therefore, Essay 1 will 
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focus on the supply-side, while Essay 2 will investigate issues relating to the 
demand-side of open data innovation. Figure 1.1 illustrates our approach for this 
thesis. 
 
Figure 1.1: Graphical Overview of Thesis Approach 
 
1.5.1 Essay 1: Resource Dependence in Open Data Innovation 
Open data offers several potential benefits to public agencies. Besides providing 
them with an inexpensive way to leverage the expertise of users, it is suggested 
that these efforts can potentially boost public participation and achieve greater 
transparency and productivity (Nam 2011). Janssen et al. (2012) identified the 
benefits of open data for the public sector such as the ability to improve citizen 
services, stimulate innovation, and tap into the collective intelligence of the 
crowds. Besides improving accountability of the public sector, the innovative 
use of the datasets by external stakeholders can also serve to influence the 
decision and actions of citizens. 
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However, despite the potential benefits that public agencies can attain with open 
data, various obstacles have impeded the release of data to the public. Wilson 
and Linders (2011) suggested that due to a history of inadequate information 
management practices, public agencies may not be aware of the data they have 
that can be released. Based on a series of interviews conducted by Janssen et al. 
(2012) , the authors found that public agencies’ reluctance to publicize data can 
stem from barriers related to institutions (e.g., risk-averse culture), legislation 
(e.g., privacy violation), information quality (e.g., incomplete information), and 
technology (e.g., no central portal). As a result, many public agencies are still 
not sharing or sharing limited data with the public (Janssen et al. 2012). 
Therefore, there is a need to understand what drives public agencies to engage 
in open data initiatives. 
A review of the open data literature indicates that although studies had been 
conducted from the perspective of the public sector at the national level (e.g., 
open data drivers and barriers with a practitioner focus by Huijboom and Den 
Broek 2011) and the agency level (e.g., exploratory study of open data benefits 
and adoption barriers by Janssen et al. 2012), there has been a lack of 
theoretically grounded and empirically validated research on data release to the 
public through open data initiatives. Particularly, there is a lack of 
understanding about the factors explaining public agencies open data sharing 
behaviour. 
We propose that as public sector organizations are susceptible to resource 
constraints for innovation of their services (Coursey and Norris 2008; IDC 
Government Insights 2009), public agencies may have to seek alternative 
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avenues, such as participating in open data initiatives, in an attempt to alleviate 
resource constraints for innovation. Therefore, it warrants investigation whether 
public agencies’ resource dependencies are antecedents for the agencies’ 
intention to share open data. Moreover, as different resources can have 
differential impacts on public agencies’ dependence on external stakeholders, 
there is a need to distinguish and understand the effects of different types of 
resources (e.g., IT, human, financial).  
Motivated thus, Essay 1 seeks to answer the research questions:  
(1) What types of resources do public agencies depend on their external 
stakeholders? 
(2) What are the effects of public agencies’ resources dependencies on their 
open data sharing behaviour?  
In response to the research questions, a model based on resource dependency 
theory was developed to explain the antecedents of public agencies’ open data 
sharing behaviour. In addition, different types of resources that public agencies 
may be dependent on external parties for were identified based on the resource-
based view, and integrated into the model.  A survey of public organizations 
was subsequently conducted to validate the model. 
1.5.2 Essay 2: Uncertainty and Risk in Open Data Innovation 
From the demand-side, several studies have highlighted the opportunities 
afforded by open data to potential innovators (e.g., Chan 2013; Kuk and Davies 
2011; Janssen et al. 2012). For example, with access to data from public 
agencies, external parties can obtain specific facts according to their needs e.g., 
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transport, and develop solutions that benefit society at large (Kuk and Davies 
2011). Apart from altruistic reasons, external innovators can tap on the 
economic potential of open data through reorganizing, repackaging, and 
synthesizing data from various sources to generate applications with 
commercial utility (Chan 2013; DiFranzo et al. 2011).   
Despite the potential benefits for open data innovators, the response to open 
data initiatives from the demand side has been discouraging (Peled 2011; 
Fioretti 2011; Tinati et al. 2012). Though public agencies have been organizing 
open data challenges and other activities to promote external innovation, the full 
potential of open data innovation in public services has yet to materialize 
(Halonen 2012). Overall, it appears that there has not been much interest from 
external parties to engage in open data innovation (Peled 2011; Halonen 2012), 
highlighting a need to understand the reasons behind the intention to innovate 
with open data.   
A review of the open data literature reflects that while both researchers and 
practitioners have started to investigate the phenomenon in recent years, 
research has mostly been conceptual (e.g., Robinson et al. 2009; Wilson and 
Linders 2011), practitioner-focused (e.g., Zuiderwijk et al. 2012; Hogge 2010), 
and not driven by theoretical perspectives. Moreover, the majority of the limited 
studies on open data were conducted from the perspective of public agencies 
(supply-side) (e.g., Huijboom and Den Broek 2011; Janssen et al. 2012), with 
little research on the external innovators (demand-side). In particular, there is a 
lack of understanding about the rationale of potential open data innovators to 
carry out such innovation. 
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We propose that a possible reason for the lack of interest in innovating with 
open data is the perception of innovation uncertainty and risk. As innovation 
implies operationalizing a new idea, various kinds of uncertainty e.g., 
technological, market (Jalonen and Lehtonen 2011), may surface in the 
innovator’s mind. Thus we aim to identify and understand the effects of 
different forms of uncertainty on potential innovators of open data. In addition, 
psychological variables such as innovativeness (Utsch and Rauch 2000) and 
risk-taking propensity (Keil et al. 2010) may motivate (or demotivate) 
individuals to exploit an innovation opportunity, given the uncertainties 
surrounding it. As these characteristics may influence the innovation decision-
making process of potential open data innovators, we aim to identify and 
examine their effects on open data innovation. 
Motivated thus, Essay 2 seeks to answer the following research questions:  
(1) What forms of uncertainty influence risk perception of potential open data 
innovators?   
(2) What are the effects of psychological variables on perceived risk and its 
relationship with open data innovation intention?  
To address the research questions, we developed a model based on the 
theoretical perspective of risk-taking to identify the different sources of 
uncertainty that can inhibit external stakeholders’ intention to innovate with 
open data. In addition, we identified the direct and moderating impacts of 
several psychological variables from the entrepreneurship literature that account 
for the characteristics of innovators and their risk-taking. A survey to test the 
model on developing new services with open data was conducted among 
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individuals who may be interested in open data innovation such as IT 
entrepreneurs and mobile application developers. 
1.6 Expected Contributions 
This thesis is expected to contribute to both open data research and practice by 
addressing the gaps identified from both the supply-side i.e., public agencies, 
and demand-side i.e., businesses and citizens. In addition, contributions to 
public administration research, research dependency theory, the resource-based 
view, and risk-taking perspective are expected.   
For Essay 1, the key contribution to research is the development and empirical 
validation of a public agency resource dependency model to investigate the 
antecedents of public agencies’ open data sharing behaviour. This model draws 
on the resource dependency theory that had been used in public administration 
research, but not primarily to examine public organizations’ dependence on 
external stakeholders (e.g., businesses or individuals). Therefore, this essay will 
demonstrate that the resource dependency theory can serve as an important 
theoretical basis to examine the intricate relationships between public agencies 
and their external stakeholders. In addition, we contribute to the resource-based 
view, whose usage has not been extended to evaluate the role of resources in the 
public sector innovation context.  
By forging a synergy between resource dependency theory and the resource-
based view, the model will identify the types of resources that public agencies 
can rely on their external stakeholders for, and examine the effects of the 
different aspects of resource dependency on public agencies’ data sharing 
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behaviour. This provides researchers with a theoretical understanding into the 
motivations of public agencies to initiate open data efforts. 
For public sector organizations, Essay 1 can potentially offer insights about the 
usefulness of open innovation as a means to obtain resources from the 
environment. In particular, it can highlight open data as a means to tap on certain 
resources that reside with external stakeholders to assist in enhancing public 
value through innovation. In addition, managers of public organizations 
contemplating whether or not to participate in open data initiatives may be able 
to better appreciate potential barriers (e.g., sensitivity of data) that can restrict 
their ability to share their data.  
Essay 2 aims to contribute to research on open data in two ways. First, by 
developing a model to identify the types of uncertainty influencing risk 
perception to innovate with open data, this paper seeks to shed light on the 
salient forms of uncertainty that potential open data innovators contemplate.  
This will inform potential innovators about the underlying sources of 
uncertainty affecting open data innovation risk perceptions, and contribute to 
the open data literature. Second, based on the risk-taking perspective, the model 
will evaluate the effect of potential innovators’ risk perception on open data 
innovation intention. In addition, this study will throw light on the influence of 
several psychological variables on the relationship between risk perception and 
innovation intention with open data.  
For managers of public sector organizations, Essay 2 informs them about the 
important factors influencing external stakeholders’ open data innovation 
intention. In addition, useful insights on who public agencies should reach out 
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as potential open data innovators are provided. Moreover, our study can help 
propose useful recommendations on how to encourage potential innovators to 
develop new services with open data by mitigating the various uncertainties. 
1.7 Thesis Structure 
In the opening chapter, we have provided an introduction of open data, a 
background of open data with reference to e-government development, together 
with the proliferation of Web 2.0 and Gov 2.0, and the trend towards open 
innovation in the public sector. Following that, we justified, both in terms of 
theory and practice, the need to investigate the supply-side and demand-side of 
open data, and raised research questions that will be addressed in the subsequent 
two chapters respectively.   
Chapter 2 is dedicated to Essay 1, which examines the effect of resource 
dependence on public agencies’ open data sharing behaviour. This chapter first 
provides a detailed introduction of the study before reviewing the relevant 
extant literature on open data. Next, we describe the resource dependency theory 
and its dimensions. This is followed by a review of the different types of 
resources from the resource-based view that are important for public agencies. 
After which, based on the resource dependency theory and resource-based view, 
we present the research model and describe the hypotheses, before describing 
the research methodology adopted for assessing the proposed model. 
Subsequently, we report the results of the pilot study (interviews) and the full-
scale survey. Discussion of the findings, implications for research and practice, 
limitations of the study, and suggestions for future work are provided last. 
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Chapter 3 describes Essay 2 in detail. It first provides a review of the relevant 
literature on open data from the external innovator perspective to show gaps in 
this area that our study seeks to address. Second, we describe the risk-taking 
perspective and derive the different types of uncertainty in innovation for the 
development of our model. This is followed by an identification of the 
psychological variables from the entrepreneurship literature that can directly or 
indirectly influence individuals’ intention to engage in open data innovation. 
Subsequently, we present the research model and describe the hypotheses. 
Following an explanation of the research methodology adopted for assessing 
the proposed model and the operationalization of constructs, we report the 
results of the pilot study for instrument validation and refinement, and the full-
scale survey. The chapter ends with a discussion of the findings, implications 
for research and practice, limitations of this study, and suggestions for future 
work. 




ESSAY 1: RESOURCE DEPENDENCE IN OPEN DATA  
INNOVATION 
2.1 Introduction 
Public sector organizations around the world are increasingly leveraging on 
advancements in information technology (IT) to transform their capability to 
serve their stakeholders and enhance internal functions (Lee 2010). Termed as 
E-government, the phenomenon is defined as the use of IT to computerize, 
automate, and deliver information and services for the benefit of citizens, 
businesses, and public agencies (Turban et al. 2006). As e-government efforts 
mature, public agencies seek to use ICT to enhance cooperation and interaction 
with external stakeholders by improving their participation and involvement 
(Lee 2010).  
This is made further possible with the emergence of Web 2.0 technologies as 
they open up new and innovative methods for interaction between public 
agencies and their stakeholders. Other than leveraging Web 2.0 technologies for 
expanding their reach with the public, agencies are also seeking to take 
advantage of the opportunities to tap on external resources for enhancing public 
value. This is also motivated by an increase in citizens’ interest to interact with 
the public sector (Chang and Kannan 2008; Tapscott et al. 2008). Therefore, 
public agencies have been gradually shifting towards the open innovation 
paradigm to tap on the external knowledge and expertise available (Lee et al., 
2012). Among the different mechanisms of open innovation, a recent approach 
is for agencies to publish raw datasets that they possess online for public 
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utilization and innovation. Termed as ‘Open Data’, this involves the disclosure 
of raw data by public agencies to reduce information asymmetry with their 
external stakeholders for the purposes of allowing meaningful interactions and 
the co-innovation of public services. For example, a group of citizens living in 
Chicago created a website1 based on data from the local police department for 
the public to explore crime trends in the city.  
Public agencies can tap on various opportunities afforded by open data 
(Huijboom and den Broek 2011). By enabling data openness, public agencies 
can promote transparency, public engagement, and collaboration (Nam 2011). 
Janssen et al. (2012) identified the potential benefits of open data for the public 
sector such as the ability to improve citizen services, stimulate innovation, and 
tap into the collective intelligence of the crowds. Besides improving 
accountability of the public sector, the innovative use of the datasets by external 
stakeholders can also serve to influence the decision and actions of citizens. 
However, despite the benefits of open data, public agencies’ involvement in 
open data has been limited due to various barriers preventing adoption such as 
lacking essential information about the data they possess or having a revenue 
system that generates income from data (Janssen et al. 2012). Therefore, since 
many agencies are still not sharing or sharing limited data with the public (van 
Veenstra and Den Broek 2013), there is a need to understand what drives them 
to engage in open data initiatives.  
                                                 
1 http://www.crimeinchicago.org/ 
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A review of the open data literature reflects that while both researchers and 
practitioners have started to investigate the phenomenon in recent years, 
research has mostly been conceptual (e.g., Robinson et al. 2009; Wilson and 
Linders 2011), practitioner-focused (e.g., Hogge 2010), and largely not driven 
by theoretical perspectives. Although studies on open data had been conducted 
from the viewpoint of the public sector at the national level (e.g., Huijboom and 
Den Broek 2011) and the agency level (e.g., Janssen et al. 2012), there has been 
a lack of theoretically-grounded and empirically-validated research on the data 
release to the public through open data initiatives. Particularly, there is a lack of 
understanding about the reasons behind public agencies open data sharing 
behaviour.  
We propose that as the public sector is susceptible to resource constraints for 
innovation of their services (Coursey and Norris 2008; IDC Government 
Insights 2009), public agencies may have to seek alternative avenues, such as 
participating in open data initiatives, in an attempt to meet external stakeholders’ 
expectations. Therefore, it warrants an investigation whether public agencies’ 
resource dependencies are drivers for their intention to share data. Moreover, as 
public agencies can have differential degrees of dependence on external 
stakeholders for different kinds of organizational resources, there is a need to 
distinguish and understand the different types of resources (e.g., IT, human, 
financial).  
Motivated thus, this paper seeks to answer the research questions: (1) What 
types of resources do public agencies depend on their external stakeholders for? ; 
(2) What are the effects of public agencies’ resource dependency on their open 
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data sharing behaviour? A model based on resource dependency theory and the 
resource-based view was developed to explain the antecedents of public 
agencies’ open data sharing behaviour. To validate the model, a survey of 102 
public organizations was conducted. The findings inform research about the 
effect of public agencies’ external stakeholder dependence on their open data 
sharing behaviour. This paper further identifies the different types of resources 
that public agencies may be dependent on their external stakeholders for 
innovation. This study also serves to highlight the usefulness of open data 
initiatives as a way to alleviate the different types of resource constraints that 
public agencies may face. 
2.2 Conceptual Background 
In this section, we first provide a review of the relevant extant literature on open 
data to show the research gap that this study seeks to address. Second, we 
describe the resource dependency theory and its dimensions as a theoretical 
basis for the development of our model. Last, we identify the different types of 
resources based on the resource-based view and prior public administration 
literature that may be important for public agencies, since these are not covered 
by the resource dependency theory. 
2.2.1 Previous Research on Open Data 
Open data initiatives are beginning to be launched by the public sector as part 
of their efforts to enhance their services by improving stakeholder engagement 
and participation (Nam and Sayogo 2011). These initiatives can be broadly 
defined as making data and information produced or commissioned by public 
organizations freely usable, reusable and redistributable by anyone (United 
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Nations 2012). As an initiative that adopts the open innovation strategy in the 
public sector, open data serves to shift internal assets i.e., data, beyond the 
agencies’ boundaries to expand the markets for external use (Lee et al. 2012). 
Although prior open innovation research has mainly focused on the shift 
towards this paradigm in the private sector (e.g., Chesbrough 2006), the public 
sector is also recognizing the growing role of external sources of innovation 
(Bommert 2010; Assar et al. 2011). Therefore, open data initiatives represent a 
major change in the way public services can be enhanced, as innovation of these 
services will not be solely constrained by the public agencies’ ability and 
resources. 
Open data initiatives offer several potential benefits to public agencies. Besides 
providing them with an inexpensive way to leverage the expertise of users, it is 
suggested that these efforts can potentially boost participation and achieve 
greater transparency and productivity (Nam 2011). Further, Vickery (2011) 
suggested that the economic value obtained from the exploitation of open data 
could surpass initial investments by the public sector in collecting and 
disseminating the data. Among the few empirical studies in this area, Janssen et 
al. (2012) conducted interviews with several public agencies in the Netherlands 
and found that the expected benefits of opening data to the public can be 
clustered into political and social (e.g., creation of new insights in the public 
sector), economic (e.g., stimulation of innovation), and operational and 
technical (e.g., creation of new data based on combining data) categories. At 
the national level, Huijboom and den Broek (2011) examined the drivers for 
open data implementation of several countries (e.g., US, UK, and Australia). 
They found that factors such as budget cuts, political leadership, and new 
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technological trends motivate governments to initiate open data. However, 
despite the benefits of open data, public agencies’ involvement in open data has 
been limited with various barriers preventing adoption such as lacking essential 
information about the data they possess or having a revenue system that 
generates income from data (Janssen et al. 2012). Overall, there has been a lack 
of theoretically-grounded and empirically-validated research behind the 
motivations of public agencies to engage in open data initiatives.  
In view of the resource constraints that public agencies commonly face in the 
innovation of services such as in e-government (Coursey and Norris 2008), we 
investigate the possibility of the lack of internal resources as a driver for public 
agencies to encourage external stakeholders to participate in service innovation 
through open data. Specifically, public agencies may be driven by the need to 
alleviate their resource constraints through the access to the array of resources 
that resides with their external stakeholders. However, there is a lack of 
understanding on the dependence of public agencies on external innovators for 
service innovation, and if it motivates their data sharing. For this purpose, we 
review the theoretical perspectives of resource dependency theory and the 
resource-based view. 
2.2.2 Resource Dependency Theory 
Resource dependence theory (RDT) has become an influential theory in 
organizational and strategic management, which explains how organizations 
interact with their external environment to acquire and maintain essential 
resources (Hillman et al. 2009). The perspective views organizations as open 
systems that have to depend on others for their survival by exchanging resources 
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(Pfeffer and Salancik 1978). When organizations conduct transactions with 
others in their environment, uncertainty is increased as they are faced with the 
complexities of managing these external resources caused by higher levels of 
dependence (Casciaro and Piskorski 2005). RDT further focuses on strategies 
to control or manage external dependencies for reducing uncertainty in securing 
resources from the environment. 
Although the securing of external resources can contribute to the success of the 
organization, RDT states that not all resources are equally crucial to the firm. 
The theory suggests that an organization’s dependence on a resource can be 
determined by its three characteristics, namely its importance, substitutability, 
and the level of discretion over resource. Further, the importance of a resource 
can be determined by two dimensions i.e., the magnitude of the resource 
exchange and the criticality of the resource (Hammervoll 2005). The level of 
resource dependence is also affected by the number of available alternative 
sources (substitutability), with a lower number of alternatives implying that the 
current source of resources will have more power (Casciaro and Piskorski 2004). 
In addition, when an organization is unable to determine the allocation or use 
of an external resource i.e., has low discretion, its dependence on it will 
correspondingly be high (Saidel 1991). Overall, these three characteristics 
determine the level of resource dependence, with a high level of dependence 
increasing the uncertainty in the flow of needed resources.  
In the public sector, resource dependence is viewed less as a means for survival, 
but instead mainly for the purpose of maintaining legitimacy and inflow of 
resources by competing for the attention of and support from the public and 
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politicians. To satisfy these stakeholders and to achieve efficient operations, an 
example is for public organizations is to innovate to improve service 
performance and public value (Lee et al. 2012). However, the few studies using 
RDT in public administration research mainly focus on identifying the effect of 
intra-government agency dependency for innovation (see Table 2.1), with less 
focus on dependence on the external environment. In particular, there is a lack 
of investigation of public agencies’ resource dependence on external 
stakeholders e.g., businesses and citizens for innovation, despite suggestions 
that it can influence agencies decision to collaborate with external parties 
(Agranoff and McGuire 2003). 
Due to the multifaceted nature of public programs, public organizations may 
lack the in-house resources and expertise to effectively deliver the progress 
(Krueathep et al. 2008). To alleviate this situation, public agencies can decide 
to rely on external partners to meet their resource needs by engaging in 
collaborations e.g., public-private partnership (Taher et al. 2012) to reduce 
uncertainty in the flow of resources that can be crucial for the success of the 
organization. In particular, public agencies may seek to initiate open data efforts 
to harness the collective resources of their external stakeholders to improve 
public services (Janssen et al. 2012). This departs from the traditional approach 
where public organizations are solely in-charge of innovation of their services, 
with the new approach enabling external innovation with the release of raw data 
that agencies had collected but was never publicly accessible previously (Ahn 
2012). However, it is unclear if public agencies’ resource dependence on their 
external stakeholders will result in open data sharing behaviour. Therefore, we 
propose that RDT is a suitable perspective to examine this phenomenon, and we 
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include the three characteristics i.e., importance, substitutability, and the level 
of discretion over resource allocation and use, of resource dependence and their 
relevant dimensions as antecedents of public agencies’ dependence and open 
data sharing behaviour.  
A prerequisite for determining the degree of resource dependence of public 
agencies on external stakeholders for innovation is an identification of resources 
that they require. However, RDT does not explain how the resource types are 
identified and implicitly assumes that identification of resources is 
unproblematic (Henningsson et al. 2010). Thus, there is a need to identify the 
types of resource public agencies can be dependent on for service innovation, 
which may prompt them to share their data in open data efforts. As suggested 
by Henningsson et al. (2010), a useful way to identify these resources is through 
the resource-based view, which classifies resources into different types. We 
review the resource-based view next for an identification of these resource 
categories for our model.  
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Table 2.1: Sample of Public Administration Studies using RDT 
Source Type of paper Context Relevant findings 
Chen and 
Hu (2012) 
Empirical (Survey) Examines the performance 
of a cross-boundary e-
government system in 
Taiwan 
 Interdependence between public agencies has a positive 
impact on the effectiveness of cross-boundary e-















underlying the rapid 
adoption of e-government 
Web sites and e-
government services in US 
 Proposes that government departments will resist 
adoption of e-government websites due to the risks of 
rearranging dependency relationships, but the findings 
do not support that 
 Suggests that a website may pose low levels of risks for 
government departments as it does not change existing 
power relationships. Instead, more sophisticated 
applications or integration may increase departmental 
resistance 




Examines the challenges 
encountered when 
implementing shared 
 Establishing shared service centres can distort the power 
maximization efforts of individual government 
organizations 
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Table 2.1: Sample of Public Administration Studies using RDT 
Source Type of paper Context Relevant findings 
service centres in the Dutch 
central government 
 Developing shared service centres creates a new 
distribution of power that can create resistance among 
government employees and politicians 
 Shared service centres can be faced with the struggle in 
acquiring and maintaining required resources such as 
human resources 
 Non-critical resources (e.g., employees) affected by the 
organizational transition may be neglected, causing 










of a state institution’s IS 
department 
 The IT departments of state institutions are more reliant 
on organizations that provide critical political and 
financial support (e.g., Ministry of Finance) than 
internal departments.  Besides government actors, state 
institutions are dependent on external IT firms to 
provide technical development support 
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2.2.3 Resource-Based View  
The resource-based view (RBV) emphasizes the role of rare, costly to imitate, 
and difficult to substitute resources to reduce cost, create differentiation and 
gain sustainable competitive advantage (Barney 1991). The central premise of 
RBV explains how the deployment of resources can explain differential firm 
performance. In RBV, the concept of competitive advantage refers to the ability 
of a focal firm to create more economic value than competitors in the same 
market (Peteraf and Barney 2003), which indicates higher profit from sales of 
products or services. While RBV was originally applied to the private sector, it 
is increasingly considered relevant in the public sector (e.g., Bryson et al. 2007). 
A critical distinction between the private and public sector is that instead of 
adding value in terms of higher revenues, competitive advantage in the latter 
case refers to achieving political reputation (Lee and Whitford 2013).  
With regards to the types of resources that may be assets for an organization, 
four main categories have been outlined in RBV i.e., IT, human, organizational, 
financial (Barney 1991). IT resources refer to technological hardware and 
equipment. Human resources encompass training, expertise, knowledge, and 
skills. Organizational resources include the structures, culture, and strategy 
planning process that are internal to the organization. Financial resources are 
the monetary assets required for the operations of the firm. These resources can 
also be classified as tangible i.e., financial or IT, or intangible i.e., human or 
organizational (Meso and Smith 2000).  
In this study, we are concerned with examining the effects of public agencies’ 
external resource dependence on their open data sharing behaviour. From the 
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public administration literature, we identified the different types of resources 
that public agencies may depend on external stakeholders for based on the 
resource classification from RBV. In relation to internal resources, a lack of 
these can surface as a prominent challenge for public agencies (Ahn 2012). 
Particularly, lack of resources of different types may have a significant impact 
on public agencies’ performance (Bryson et al. 2007). These resources include 
financial (e.g., Coursey and Norris 2008; Lee and Whitford 2013), human (e.g., 
IDC Government Insights 2009; Zheng et al. 2013), and IT (e.g., Lee and Kwak 
2011) resources. For example, both Moon (2002) and Norris and Moon (2005) 
identified that a lack of technology staff and expertise, and the lack of financial 
resources are major barriers to e-government adoption. A recent UN e-
government survey also noted that the lack of IT infrastructure and human 
resource capacity are still affecting e-government efforts at all levels of country 
development (United Nations 2012). When faced with these constraints, public 
sector organizations may not be able to innovate effectively in their services and 
meet their goals of advancement.  
Among the four types identified in RBV, we excluded organizational resources 
from our model because unlike the rest, organizational resources are internal 
and unique to a firm, which could not be obtained from external parties. For 
example, organizational culture is a resource representing the firm’s identity 
that is developed and cultivated from within over time, which is independent of 
external stakeholders. Therefore, we posit that IT, human, and financial 
resources are the three main categories of resources public agencies may depend 
on their external stakeholders e.g., businesses and citizens, for open data 
innovation.  
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2.3 Model and Hypotheses 
Based on the earlier discussion, we derive the constructs from the RDT and the 
resource-based view to develop the public agency resource dependency model. 
Based on RDT, we propose that relative magnitude of resource, resource 
criticality, and discretion over resource, for each category of resource i.e., IT, 
human, and financial, will influence public agency dependency on external 
innovators and thereby agencies’ open data sharing behaviour. Substitutability 
of external stakeholders i.e., source substitutability, for innovation is evaluated 
as a whole instead of each resource category to determine if public agencies 
have alternative sources to provide necessary resources for innovation. This is 
because we expect that alternative sources to external stakeholders e.g., other 
public agencies, will be able to provide all types of resources. Thus, source 
substitutability should not differ among different types of resources. The 
dependent variable is open data sharing behaviour, which refers to the extent of 
data sharing to the public by the agency i.e., a public agency is the unit of 
analysis. Measuring the extent of data sharing allows for the determination of 
non-open public agencies and those that share a large majority of their data. The 
proposed model is shown in Figure 2.1. The hypotheses are described next 
followed by the control variables. 
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Figure 2.1: Public Agency Resource Dependency Model 
2.3.1 Resource Importance  
Perceived importance of a resource can be determined by the relative magnitude 
of resource, and the criticality of the resource to the focal organization (Pfeffer 
and Salancik 1978). When an external resource is of high importance and 
critical to an organization to achieve desired goals, it will entail high 
dependence on the external resource provider.  
Relative magnitude of resource 
The relative magnitude of an external resource as a determinant of resource 
importance is assessed by the amount of resource from a particular source as a 
proportion of the total input (Bourantas 1989). The larger the proportion, the 
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more important the resource is perceived by the organization. As discussed 
earlier, IT, human, and financial resources should be relevant in our study 
context.   
In terms of IT resources, the inadequacy of IT infrastructure as a major barrier 
to e-government initiatives is well documented e.g., Norris and Moon (2005). 
For example, public agencies may have inadequate IT infrastructure in areas of 
hardware or networks to deploy new online services (Lee and Kwak 2011). 
Moreover, as technological advancement moves at a rapid pace, IT resources 
procured at a period of time can become obsolete within a short timespan 
(Misuraca 2009). In view of these limitations, public agencies may have to rely 
on external innovators to provide IT resources for service innovation, leading 
to greater dependence. Therefore we hypothesize: 
H1a: The relative magnitude of IT resources from external innovators is 
positively related to the public agency’s dependence 
Human resources include the manpower, ideas, knowledge, and skills required 
to meet the objectives of an organization. Prior literature on e-government has 
highlighted that the failure to harness the ideas, knowledge and skills of the 
public has stifled the ability of public agencies to innovate in their services 
(Tapscott et al. 2008). This suggests that innovation in public services may have 
been limited by internal human resource constraints, such that external 
innovators can contribute to service innovation. Thus, we hypothesize: 
H1b: The relative magnitude of human resources from external innovators is 
positively related to the public agency’s dependence 
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Financial resources here refer to the monetary capital required by public 
agencies to meet their goals of service innovation. As public agencies are 
commonly characterized as having limited financial resources (IDC 
Government Insights 2009) with high competition among different priorities, it 
can be difficult for them to invest in developing services that meet the diverse 
needs of the public. Moreover, as public agencies are usually risk-averse (Lee 
and Kwak 2011), they may be constrained financially to innovate services that 
use recent technology or have less apparent benefits. Instead, by involving the 
public in the innovation process through open data, external innovators can 
contribute financially by developing their own solutions with open data and 
commercializing them if feasible. Therefore, we hypothesize: 
H1c: The relative magnitude of financial resources from external innovators is 
positively related to the public agency’s dependence 
Resource criticality 
Resource criticality is defined as the extent to which a resource is necessary for 
effective innovation activities of the public agency (Pfeffer and Salancik 1978). 
IT resources such as network infrastructure are expected to be essential 
resources for agencies in pursuit of IT service innovation (Ebrahim and Irani 
2005). With the rapid increase of internet and mobile penetration rates globally 
(United Nations 2012), the expected spike in demand for online public services 
will require sufficient IT resources to support these services. As the lack of 
internal IT resources can restrict the provision of new services by the public 
sector (United Nations 2012), we expect that external innovator contribution of 
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IT resources will be critical for service innovation in the public sector. Thus, we 
propose: 
H2a: The IT resource criticality from external innovators is positively related 
to public agency’s dependence 
Other than IT resources, we propose that human resources such as external 
expertise and ideas for innovation are critical for public agencies for continual 
service innovation. Unlike firms or individuals who may possess the expertise 
to create different types of services on various communication platforms e.g., 
mobile, or desktop, public agencies are less likely to have the same level of 
domain expertise because it does not represent their core competence (Norris 
and Moon, 2005). Besides development expertise, we propose that ideas from 
external innovators are of increasing importance to public agencies as they 
reflect the needs of the public. Similar to the arguments for open innovation 
where firms are recognizing the need to harness ideas and solutions from their 
customers (Chesbrough 2006), we suggest that public agencies will perceive 
external ideas from businesses and citizens to be crucial for support of their 
innovation efforts. Moreover, since the key interests of public agencies are to 
improve service performance and enhance value to the public (Lee et al. 2012), 
inputs from external parties (public) can help agencies sharpen the focus of their 
innovation efforts. Thus, we hypothesize: 
H2b: The human resource criticality from external innovators is positively 
related to public agency’s dependence 
The lack of financial resources is commonly suggested as a major challenge for 
the innovation of public services (e.g., Norris and Moon 2005). Without 
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sufficient financial capital to invest in innovation, public agencies are likely to 
face difficulties in developing new services. With external financial investments 
made to open data, these constraints can be alleviated yet allow agencies to 
pursue public goals. Therefore, we suggest that external financial resources are 
critical for public agencies to support them in service innovation, which will 
increase their dependence. We hypothesize: 
H2c: The financial resource criticality from external innovators is positively 
related to public agency’s dependence. 
2.3.2 Source Substitutability for Innovation 
Source substitutability refers to the degree an organization has alternative 
sources when a present source is unable or unwilling to continue the supply of 
resources or reduces the scope of supply (Iecovich 2001). In a public agency’s 
bid to innovate and meet the needs of its stakeholders, it may have to rely on 
other parties to provide the necessary resources for innovation. Synthesizing 
stakeholder categories from various e-government literature, Rowley (2011) 
identified several of these groups such as other public agencies or their 
employees as relevant stakeholders of e-government. If there are other group of 
stakeholders (e.g., other agencies) who are viable alternatives, public agencies 
will have more avenues to obtain necessary resources for service innovation. 
Therefore, based on RDT, it is expected that availability of alternatives that 
public agencies can seek help from to innovate and meet the needs of the public 
will result in lower dependence on external innovators for resources. Thus we 
hypothesize: 
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H3: The perceived source substitutability of external innovators in general is 
negatively related to the public agency’s dependence. 
2.3.3 Public Agency Discretion over External Resources 
Discretion over a resource is the capacity to determine its allocation or use, or 
the level of control over a resource (Pfeffer and Salancik 1978). Discretion is a 
major source of power as having access to a resource or the ability to regulate 
its employment reduces dependence on external actors. In the public sector, 
public agencies’ discretion over the three types of external resources is expected 
to vary with different innovation initiatives, depending on their ability to 
restructure their dependency. For example, if public agencies are able to secure 
long-term contracts with external parties to provide necessary IT resources (e.g., 
network infrastructure) to support service innovation, public agencies’ 
dependency will reduce together with the uncertainty of stable access to these 
resources. Thus, we hypothesize: 
H4a: The level of discretion over external IT resources is negatively related to 
public agency’s dependence 
In the same vein, public agencies may perceive that they are able to influence 
the provision of human resources such as IT expertise for service innovation 
from external parties. For example, if outsourcing is the preferred mechanism 
for service innovation, public agencies will be able to set service levels and have 
clauses to penalize suppliers for non-performance (Lacity et al. 2010). To meet 
the targets stipulated in the outsourcing contract, suppliers will then be required 
to ensure that they deploy sufficient skilled manpower, which signifies the 
control that public agencies have over their suppliers. When agencies have more 
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power over the provision of human resources from external innovators, the 
human resource dependence on external parties is expected to be less. Thus, we 
hypothesize: 
H4b: The level of discretion over external human resources is negatively related 
to public agency’s dependence 
In addition, it is possible for public agencies to have high discretion over the 
amount of external financial contributions for service innovation. An example 
is the use of the public-private partnership collaboration approach where both 
parties can be contractually-bound to commit certain levels of financial 
resources to the project (Taher et al. 2012). However, we noted that organizing 
ad-hoc open data competitions (e.g., Apps for Democracy) is a popular 
approach to encourage innovation in the open data context. Due to this voluntary 
nature inherent in competitions that dominates open data innovation, and where 
open data use is commonly bounded by license agreements than contracts, 
public agencies are expected to have less discretion in ensuring the stability of 
external financial resources provided for service innovation. When public 
agencies have less control over external financial resources, the financial 
resource dependence on external innovators is likely to be high. Thus we 
hypothesize: 
H4c: The level of discretion over external financial resources is negatively 
related to public agency’s dependence 
42 
2.3.4 Public Agency Dependence 
Dependence refers to an organization’s need to maintain a relationship with 
other parties to achieve desired goals (Emerson 1962). RDT posits that when an 
organization is highly dependent on another for resources, the former will seek 
to secure those (Henningsson et al. 2010). In our study context, open data 
initiatives can be viewed as a way for public agencies to obtain resources from 
their external stakeholders. We propose that when public agencies’ dependence 
on external innovators for innovation is high, their extent of open data sharing 
will correspondingly be high. This is because open data empowers various 
stakeholders to easily retrieve raw data to innovate on behalf of public agencies 
(Kuk and Davies 2011). Thereby, public agencies can reap the benefits from 
external innovations such as an increase in value for the public, which can be 
substantial compared to the investments required by agencies to process raw 
data for publication (Baumgarten and Chui 2009). Thus, we hypothesize: 
H5: Public agencies’ dependence on external innovators is positively related to 
their open data sharing behaviour. 
2.3.5 Control Variables 
We include several control variables as alternative explanations that may affect 
public agencies’ open data sharing behaviour, i.e., need for transparency, need 
for public engagement, sensitivity of agency function, quality of data, data as 
revenue source, and public agency conformity needs. As transparency is widely 
recognized as one of the guiding principles of open data initiatives (Chun et al. 
2010; Kalampokis et al. 2011), the need for transparency is included as a control. 
Need for public engagement is also a suggested reason for the public sector to 
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adopt open data in order to improve public participation (Lee and Kwak 2011). 
We also expect that the sensitivity of agency function can influence the extent 
of data shared with the public as security concerns may prevent public agencies 
from releasing raw datasets (Janssen et al. 2012). In addition, the quality of data 
the public agencies’ possess may prevent them from sharing the data with the 
public as investments have to be made to cleanse the data (Janssen et al. 2012). 
Public agencies that view data as revenue source by selling data may have 
greater reluctance to release data (Huijboom and Den Broek 2011). Further, as 
public agencies are likely to face pressures to support open data initiatives from 
superior or upstream authorities (Zheng et al. 2013), they may be inclined to 
conform to guidelines on the release of data to the public for external innovation 
activities i.e., public agency conformity needs.  
2.4 Research Methodology 
2.4.1 Operationalization of Constructs 
To validate the hypotheses, the survey methodology was adopted to collect data. 
As a salient quantitative data collection method, the survey method allows 
researchers to establish generalizability by examining characteristics common 
across a sample of the targeted population (Creswell 2009). In addition, it also 
allows for replicability and has statistical power (Dooley 2001). To develop the 
survey instrument, we followed the procedures as elaborated in DeVellis (2003). 
First, as much as possible, we adapted measures that had been validated in prior 
studies to fit our study context. Additional items were created if necessary based 
on the construct’s conceptualization. Second, for conceptual validation, we 
performed the two-stage sorting procedure recommended by Moore and 
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Benbasat (1991) for items refinement. Four IS graduate students participated in 
the first round of unlabelled sorting, followed by a second round of labelled 
sorting conducted with a separate group of four graduate students. For both 
rounds, the hit ratio, raw agreement, and Kappa scores exceeded the 
recommended score of 0.65 (Moore and Benbasat 1991). The operationalization 
of items is an outcome of these three procedures (see Appendix C, Table C.2, 
for a full list of items). Besides the dependent variable, other subjective 
measures were rated on seven-point likert scales anchored from strongly 
disagree (1) to strongly agree (7). All constructs in our model are 
operationalized as reflective. 
Open data sharing behaviour 
The dependent variable of our study is open data sharing behaviour, which is 
the extent of raw government data shared by a public agency. Respondents are 
first asked if their agency shares their datasets with the public (ODB1), which 
has binary anchors (0=No, 1=Yes). Subsequently, they are asked the extent that 
their agency is releasing data (ODB2), which is anchored from very little extent 
(1), moderate extent (4), and very large extent (7). To facilitate verification, 
respondents are asked to provide us the online locations where they are sharing 
their datasets (ODB3). ODB2 is the main dependent variable, while ODB3 is 
used to verify if the respondent indeed released data. ODB1 is used as a logistic 
regression dependent variable, which will be used for post-hoc analysis.  
Relative magnitude of resource 
For each type of resource i.e., IT, human, financial, items measuring the 
resource magnitude were adapted from Antia and Frazier (2001), Caniels et al. 
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(2010), Iecovich (2001), and Saidel (1991). Relative magnitude of resource is 
defined as the proportion of resource inputs relative to other sources for service 
innovation (Bourantas 1989). These items assess the extent of resource 
obtainable from external innovation as compared to the overall required for the 
innovation of public services by the agency.    
Resource criticality 
Resource criticality in our study context refers to the degree to which an absence 
of a specific resource can affect the extent of service innovation. The construct 
for each resource type is measured by asking public agencies how critical a 
resource is to the innovation and the potential effect of withdrawal of the 
contribution from external innovators. The items to assess each resource type 
are adapted from Ganesan (1994), Petersen et al. (2008), and Tikoo (2002).  
Source substitutability 
Items assessing source substitutability were adapted from Antia and Frazier 
(2001), Petersen et al. (2008), Ryu et al. (2007), and Saidel (1991). They assess 
the degree to which a public agency has alternative sources as substitutes to 
external innovators. The construct was measured by asking public agencies if 
they perceive there are available alternatives to external innovators to assist in 
the innovation of services, and whether the innovators are easily replaceable. 
Public agency discretion over external resources 
Discretion over external resources refers to the level of control that an 
organization has over the allocation and use of the different types of resources. 
For each resource type, one item is adapted from Saidel (1991) to reflect the 
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ability of public agencies to exert pressure on or control external innovators to 
provide the resource. In addition, due to a lack of existing suitable scales, we 
developed two items that followed closely to the definition of the construct. The 
first new item addresses the ability of the public agency to control the provision 
of each resource for innovation activities, while the second item reflects the 
ability of the agency to ensure external innovators’ contribution.  
Public agency dependence 
Public agency dependence refers to the degree to which a public agency has the 
need to maintain a relationship with external innovators for the innovation of 
government services (Emerson 1962). Items were adapted from Antia and 
Frazier (2001), Caniels and Roeleveld (2009), Ryu et al. (2007), and Tikoo 
(2002). The items assess the public agency’s overall perception regarding their 
dependence on external innovators for service innovation.  
Public agency conformity needs 
For measuring the degree to which a public agency perceives the need to comply 
with government guidelines for initiating open data, we adapted items from Teo 
et al. (2003). The items reflect the coercive pressure that public agencies may 
be faced with as a result of government guidelines or requirements.  
Need for transparency 
Items reflecting need for transparency are adapted from Piotrowski and Van 
Ryzin (2007). They assess the extent that public agencies perceive the need to 
be transparent by allowing complete access of their data to the public.  
  
47 
Need for public engagement 
For measuring the need for public engagement, we self-developed the items due 
to a lack of existing scales. The items assess whether public agencies feel the 
need to involve the public in government matters such as policy-making.  
Sensitivity of agency function 
Due to a lack of existing scales, all items were self-developed to measure the 
sensitivity of agency function. The items assess the public agencies’ perception 
of the level of sensitivity of their agency function.  
Data quality 
Items reflecting data quality are adapted from Nicolaou and McKnight (2006). 
The items assess the public agencies’ perception about the characteristics of the 
accuracy, relevance, and reliability of their datasets.  
Data as revenue source 
Due to a lack of existing scales, all items were self-developed to determine if 
public agencies use their datasets as a revenue source. The items assess public 
agencies’ perception of the importance of earning revenue with their generated 
data.  
2.4.2 Conceptual Validation 
For conceptual validation of the scales, we assessed the validity using the 
sorting procedures proposed by Moore and Benbasat (1991). The procedure 
involves two rounds of sorting with four judges each. Judges performed 
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unlabelled sorting for the first round. Each measure was printed on a 3” by 5” 
card and all items were randomly sorted before passing to the judges. Prior to 
sorting, judges were briefed on the purpose of the exercise and what the study 
is about. Without the construct names and definitions given, the judges were 
requested to sort the items based on their own interpretation, and provide a 
suitable construct name for each group of items. After this, comments and 
feedback about the phrasing and content of the items were solicited for possible 
refinements. The second round of sorting involves labelled sorting, where a 
separate group of four judges were provided with the construct names and 
definitions to place the items in. An “other” category was also created to avoid 
situations where items are forced into a particular category. The results for both 
rounds of sorting are shown in Table 2.2. 
The results for the unlabelled and labelled sorting were generally positive. All 
the scores were above the recommended threshold of 0.65 (Moore and Benbasat 
1991). The average raw agreement scores for both rounds of sorting were 0.94 
and 0.91 respectively, while the Cohen’s Kappa scores averaged 0.94 and 0.91. 
The item placement ratios were excellent and averaged 0.97 and 0.95 for the 
unlabelled (see Appendix C, Table C.3) and labelled (see Appendix C, Table 
C.4) rounds respectively. The construct labels created for the first round of 
sorting were generally congruent with the constructs definitions (see Appendix 
C, Table C.1).   
Nevertheless, based on the sorting results and feedback from some of the judges, 
some items were slightly modified to improve the content validity. First, three 
judges from the first round of sorting commented that although they grouped 
the three items of discretion over external resources together as a construct for 
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each resource, the use of the word “force” in DOT1 (“My agency is in the 
position to force external innovators to contribute IT resources for government 
service innovation”) differs in intensity compared to “control” and “regulate” 
in DOT2 and DOT3 respectively. To reduce this confusion, we decided to 
reword “force” to “make” in DOT1, and “regulate” to “ensure” in DOT3. The 
rewording was also performed on other resource types i.e., financial (DOF), 
human (DOH). Second, it was noticed that in the second round of sorting, two 
judges placed SAF3 (“My agency usually does not release much information to 
the public as it is sensitive”) with the data sharing behaviour construct. To 
improve discriminant validity, we modified the item to “My agency usually 
does not go public about our activities as it is confidential” to emphasize the 
sensitive nature of the agency and reduce the connotation of data sharing. The 
final list of items comprising each scale is shown in Appendix C, Table C.2.  
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Table 2.2: Results of Conceptual Validation 
 Unlabelled Labelled 
Raw Agreement 
Judges A and B 0.92 0.87 
Judges A and C 0.94 0.92 
Judges A and D 0.90 0.90 
Judges B and C 0.98 0.94 
Judges B and D 0.94 0.88 
Judges C and D 0.96 0.94 
Average 0.94 0.91 
Cohen’s Kappa   
Judges A and B 0.91 0.86 
Judges A and C 0.94 0.92 
Judges A and D 0.90 0.90 
Judges B and C 0.98 0.94 
Judges B and D 0.94 0.88 
Judges C and D 0.96 0.94 
Average 0.94 0.91 
Item Placement Ratio 
Relative magnitude of IT resource 0.94 0.94 
Relative magnitude of human resource 0.94 0.94 
Relative magnitude of financial resource 0.94 0.94 
IT resource criticality 1.00 0.92 
Human resource criticality 1.00 0.92 
Financial resource criticality 1.00 0.92 
Source substitutability 1.00 1.00 
Discretion over external IT resource 1.00 1.00 
Discretion over external human resource 1.00 1.00 
Discretion over external financial resource 1.00 1.00 
Public agency dependence 0.94 0.94 
Public agency conformity needs 1.00 1.00 
Open data sharing behaviour 1.00 1.00 
Need for transparency 1.00 1.00 
Need for public engagement 0.83 0.92 
Sensitivity of agency function 1.00 0.83 
Average 0.97 0.95 
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2.4.3 Singapore Context 
Singapore has been identified by a number of independent organizations as a 
pioneer in e-government adoption (Accenture 2007; United Nations 2012), 
earning third and first place in global e-government rankings in 2005 and 2007 
respectively (Accenture 2005; 2007). Moreover, Singapore is ranked top in the 
international e-government rankings for five consecutive years from 2009 to 
2013 by Waseda University’s Institute of E-government (Waseda University 
2013). As an exemplary e-government adopter, the government has been 
experimenting with various ways to increase public participation and 
engagement. An example is the launch of the government’s consultation portal 
(REACH) to allow public agencies to gather and gauge ground sentiments 
regarding government policies. To further promote public participation in the 
value co-creation process, the government launched the data.gov.sg portal on 
20 June 2011 with over 5000 datasets from 50 government ministries and 
agencies. By start of 2014, the portal has grown to host over 8800 datasets from 
69 agencies (see Appendix B, Table B1, for a list of government agencies listed 
in the data.gov.sg portal and the number of datasets released by each agency). 
The portal serves as a first-stop place where government data can be publicly 
accessible. One of the aims of the portal is to catalyse application development 
using government data. For example, datasets providing information such as 
real-time traffic information, map layers of water bodies in the country, 
quarterly forecast of various sectors in the economy, and domestic export 
figures, are available from the portal. Depending on the choice of the agency, 
interested parties may be able to retrieve datasets directly from the portal, or be 
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directed to the relevant agency’s website for retrieval. Most datasets are 
available free of charge but some require a fee for retrieval. 
2.4.4 Preliminary Interviews 
To perform a preliminary evaluation of our model, we conducted two interview 
sessions with IT directors from two local public agencies to better understand 
the nature of open data initiatives in Singapore. For each interview, interviewees 
were mainly asked about their purpose in sharing data with the public. Both 
interview sessions with the InfoComm Development Authority (IDA) and Land 
Transport Authority (LTA) were recorded with an audio recorder with the 
permission of the interviewee to allow the researcher to focus on the session, 
which was transcribed after the session. The first interview session was 
conducted with an executive manager in the open data team from IDA, which 
lasted for 1 hour and 22 minutes. Together with the Ministry of Finance, IDA 
is in charge of launching and managing the nation’s open data portal 
(data.gov.sg) as a single place to support the discovery of data. When asked 
about the reason behind the release of data from public agencies, the manager 
replied that it is for accountability, an avenue for information dissemination, 
and to facilitate the co-creating process for greater value. The manager 
mentioned: 
“We looked at our role as a facilitator on two sides. One is the 
demand for data, which is the general public. The other is the 
supply of data that is from the agencies. So our role is to facilitate 
the agencies and public to collaborate and co-create.  The 
agencies role is as the provider of data and the public in providing 
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ideas, solutions, application, technical know-how, creativity, etc. 
By marrying these two together, what we have is a richer set of 
tools and applications for citizens which benefit the general public 
and as a result, leads to greater value creation and more effective 
people in their work and everyday life.” 
When probed deeper about the types of resources that agencies can benefit from 
the public, the manager said: 
“[Application developers] can contribute a lot. They have the 
technical skills, they have the creativity, ideas, and I think they 
have the time and effort. So with all that they are able to do, they 
will be able to generate applications that the general public can 
use.” 
As for financial resources and IT resources, external stakeholders could also 
contribute to these areas. The manager mentioned: 
“Yes, potentially. There would also be some developers who 
have the resources to provide the technological hardware for 
example the servers. Let’s say if they need to host the data 
somewhere, whether their own local server or cloud, so they 
have to pay for the hosting. So there will be some resource 
required as well.” 
When asked what restricts public agencies’ ability to innovate on their own, the 
manager highlighted: 
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“Agencies can be innovative up to a certain extent. The limiting 
point is the organization structure, because there are a lot of 
layers for decision and the need to get consensus… so 
innovation is hampered by these bureaucratic process” 
The second interview session was conducted with a group of three 
representatives from the IT department of LTA. One of the interviewees is a 
deputy director and the other two are senior managers. The session lasted for 59 
minutes. LTA is one of the agencies that has actively released raw data that they 
have collected in the national open data portal (data.gov.sg). Before 
participating in the open data initiative, LTA adopted a licensing model where 
external firms interested to innovate with their data would need to pay a nominal 
fee to obtain the datasets. However, after the launch of open data, LTA decided 
to provide data for free for the public to innovate based on the released datasets. 
The deputy director commented: 
“Since a couple of years back, we have several companies that 
have partnered [with us] or licensed data from LTA, but with the 
open data initiative… , the management has decided to open our 
data and forgo the fees.”  
A main driver for LTA to adopt the open data approach is the recognition that 
they are unable to satisfy every customer due to rapid pace of technology 
advancement. The deputy director explained: 
“Along the way we realized we cannot satisfy the needs of all our 
customers… technology have moved so fast and with so many 
different platforms, some of things that we do are not so nimble 
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like the industry players. By providing data, we can provide 
services to the community and when they develop new services, 
they can satisfy bigger segments of our customers.” 
When probed further into whether the agency faces constraints for innovation 
in government services, the deputy director pointed out: 
“[We do face] some [financial] constraints, although not to the 
extent that we can’t do anything. [To innovate], we also need 
resources such as manpower, technology, right platform to 
support subsequently. In terms of skills sets, you also need [them]  
to manage different platforms you are serving.”   
Based on the two interviews, it can be observed that public agencies recognize 
that open data initiatives serve as an opportunity for them to leverage the 
resources available beyond their agency boundaries. A main driver highlighted 
for sharing data is the recognition that increasingly, public agencies are unable 
to meet the needs of every segment of the public. In particular, external 
innovators can contribute various resources types i.e., IT, financial, human, to 
extend the availability of government services and satisfy more customer groups.  
Overall, the interview sessions with the two agencies revealed that a key driver 
for them to share data is the recognition that increasingly, external stakeholders 
can contribute various resources types i.e., IT, financial, human, to extend the 
availability of public services and satisfy more user groups.   
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2.4.5 Survey Data Collection 
To validate the proposed model, we collected primary survey data from public 
organizations in Singapore from March to August 2013. Since a complete 
sampling frame of public organizations was unavailable, we identified them 
from lists obtained from the Singapore Government Directory and the Ministry 
of Home Affairs’ list of Registry of Societies. These organization types are 
typically classified as public organizations due to their higher degree of external 
government funding as compared to private organizations (Bozeman 1987). The 
designated sample size spans beyond the public agencies that have uploaded 
datasets to the local open data portal, and does not preclude those that have not 
participated in the open data initiative. 
A survey questionnaire accompanied by a cover letter explaining the purpose 
and significance of the study and a postage-paid reply envelop was mailed to 
the senior IT executive (e.g., CIO, IT manager) of each organization. These 
positions were targeted because they are most likely to have a deep 
understanding of their agencies’ stance on open data. To ensure clarity of terms 
used, questions relating to the same resource are grouped together, with 
definitions of each resource i.e., IT, human, financial, given at the beginning of 
each set. To improve participation, we sent email reminders to them four and 
eight weeks after the survey was posted. In addition, we followed up with a 
phone reminder another two weeks later. Among the 384 survey questionnaires 
sent out, 102 complete responses were received, yielding a response rate of 
26.6%. A large majority of the respondents were IT managers (51%), while 
some were assistant IT directors (12.7%), or senior IT directors (12.7%). Many 
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represent public organizations of between 200-599 employees (25.5%), 10-49 
employees (23.5%), or 50-199 employees (21.6%). Descriptive information for 
the survey respondents is shown in Table 2.3. 
Table 2.3: Descriptive Information 
Characteristic Freq. (n=102) Percent 
Organization Size 
1-9 employees 9 8.8 
10-49 employees 24 23.5 
50-199 employees 22 21.6 
200-599 employees 26 25.5 
600-1,999 employees 14 13.7 
2,000-2,499 employees 2 2.0 
2,500-4,999 employees 3 2.9 
5,000-7,499 employees 2 2.0 
Position of Respondent 
CIO 3 2.9 
Senior IT Director/ IT Director 13 12.7 
Assistant IT Director/ Deputy IT 
Director 
12 12.7 
Senior IT Analyst/ Senior IT 
Manager 
12 11.8 
IT Analyst/ IT Manager 52 51.0 
Assistant IT Analyst/ Assistant IT 
Manager 
10 9.8 
Open Data Sharing   
Yes 96 94.1 
No 6 5.9 
Extent of Data Shared   
1 – Very low extent 7 6.9 
2 13 12.7 
3 16 15.7 
4 – Moderate extent 28 27.5 
5 26 25.5 
6 12 11.8 
7 – Very large extent 0 0 
2.5 Data Analysis and Results 
2.5.1 Reliability and Validity 
To validate the measurement model, we evaluated the scales by assessing their 
reliability, convergent validity, and discriminant validity as suggested in Gefen 
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and Straub (2005). Reliability was assessed through Cronbach’s Alpha, 
composite reliability, and item loadings. The Cronbach’s Alphas (C.A.) and 
composite reliability (C.R.) for each construct (see Table 2.4) exceeded the 
recommended level of 0.70 (Nunnally 1978). In addition, all item loadings were 
significant at 0.001 level (see Table 2.4) (Chin et al. 2003), indicating that all 
constructs had adequate reliability. 
Table 2.4: Psychometric Properties of Constructs  
Construct Item Item 
Loading# 
Relative magnitude of resource 
Relative magnitude of IT resource (RMT) 





Relative magnitude of human resource (RMH) 





Relative magnitude of financial resource (RMF) 






IT resource criticality (RCT) 




Human resource criticality (RCH) 




Financial resource criticality (RCF) 




Discretion over resource 
Discretion over external IT resource (DOT) 




Discretion over external human resource (DOH) 









Table 2.4: Psychometric Properties of Constructs  
Construct Item Item 
Loading# 
(CA=0.92, CR=0.94, AVE=0.85) DOF3 0.86 
 
Source substitutability (SUB) 





Public agency dependency (DEP) 





Public agency conformity needs (CON) 




Need for transparency (TRA) 





Need for public engagement (PUE) 




Sensitivity of agency function (SAF) 




Data quality (DAQ) 





Data as revenue source  (DAR) 





#All item loadings are significant at p<0.001 (T=3.12); 
CA: Cronbach’s Alpha Coefficient; CR: Composite Reliability; AVE: Average 
Variance Extracted; 
 
Convergent validity was assessed using the Average Variance Extracted (AVE) 
and factor analysis with principal components analysis and varimax rotation. To 
ensure convergent validity, items should load highly on their intended construct 
instead of on other constructs, and their construct’s AVE should be above 0.5 
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(Chin et al. 2003). All AVEs were above the required threshold, and every item 
loaded highly on their target constructs. Therefore, convergent validity was 
considered to be adequate.  
Discriminant validity was evaluated by checking that items do not load on 
unintended constructs. Based on the factor analysis results (see Table 2.5), 
cross-loadings of items were not an issue. Discriminant validity of constructs 
was also assessed by comparing AVEs and construct correlations (Gefen and 
Straub 2005). The results indicate that the root of AVE from each factor 
(diagonal terms in Table 2.6) exceeds all construct correlations. This suggests 
that measures of each construct correlated more highly with their own items 
than with items measuring other constructs. Therefore, discriminant validity 
was found to be adequate. We further assessed the threat of multicollinearity by 
examining the variance inflation factor (VIF). Our statistical output was below 
the recommended ceiling for VIF of 3.3 (highest was 1.66) (Diamantopoulos 
and Siguaw 2006), suggesting that multicollinearity is not a concern. 
To determine the number of factors to retain for our analysis, we used both the 
Kaiser eigenvalue criterion and the scree plot to facilitate our decision. Factor 
analysis yielded 15 components with eigenvalues above 1 that corresponded to 
most of the constructs proposed. The next two components corresponds to the 
discretion over external financial resources (DOF) and sensitivity of agency 
function (SAF) constructs, which had eigenvalues of 0.94 and 0.80 respectively. 
However, an examination of the scree plot indicates that the graph of 
eigenvalues against all the factors begins to flatten from factor 18 onwards, 
which suggests that DOF and SAF can be retained for analysis. Moreover, as 
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discretion over resources is one of the dimensions of the resource dependency 
theory, and sensitivity of agency function is expected to influence open data 
sharing, we find it reasonable to accept the 17-factor solution. 
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Table 2.5: Factor Analysis of Reflective Constructs  
  
FACTOR 
RMT RCT DOT RMH RCH DOH RMF RCF DOF SUB DEP CON TRA PUE SAF DAQ DAR 
RMT1 0.91 0.11 -0.03 0.19 0.02 0.12 0.08 0.00 0.00 0.11 0.13 -0.03 0.06 0.05 -0.08 -0.05 0.03 
RMT2 0.87 0.08 0.10 0.27 0.07 0.16 0.03 0.01 0.06 -0.01 0.15 0.04 0.11 0.01 -0.06 -0.07 0.05 
RMT3 0.89 0.15 0.03 0.15 -0.09 0.18 0.08 -0.01 -0.05 0.02 0.12 -0.07 0.07 0.02 -0.07 0.06 0.06 
RMT4 0.87 0.07 0.14 0.20 0.08 0.11 0.08 0.05 -0.03 -0.02 0.19 0.13 0.09 -0.02 -0.07 0.00 0.04 
RCT1 0.16 0.86 0.17 0.15 0.06 0.07 0.06 0.21 -0.01 -0.01 0.17 0.01 0.08 -0.05 -0.01 0.07 0.10 
RCT2 0.13 0.85 0.17 0.18 0.18 0.02 0.01 0.13 -0.12 0.01 0.12 0.08 0.14 -0.02 0.01 0.03 0.09 
RCT3 0.13 0.85 0.19 0.18 0.12 0.08 0.10 0.13 0.01 -0.01 0.13 0.08 0.08 0.05 -0.03 0.10 0.08 
DOT1 0.07 0.24 0.87 0.13 -0.02 0.15 0.01 -0.06 -0.02 0.00 -0.06 -0.04 0.10 0.12 0.09 0.05 0.01 
DOT2 0.08 0.16 0.83 0.01 -0.01 0.31 0.02 -0.13 0.04 -0.08 0.04 0.01 0.08 0.06 0.20 0.11 0.06 
DOT3 0.07 0.11 0.81 0.15 -0.01 0.28 -0.07 0.05 0.03 -0.11 -0.12 -0.01 0.13 0.12 0.06 -0.02 0.04 
RMH1 0.30 0.19 0.03 0.79 0.03 0.06 0.12 0.07 0.06 -0.11 0.19 -0.07 0.07 0.00 -0.07 0.01 0.06 
RMH2 0.29 0.14 0.15 0.81 0.12 0.08 -0.03 -0.07 0.01 -0.12 0.13 0.13 0.07 0.07 0.06 0.00 0.00 
RMH3 0.18 0.05 0.02 0.90 0.07 0.10 0.11 0.10 -0.04 -0.05 0.11 -0.06 0.02 0.14 -0.08 0.05 0.06 
RMH4 0.18 0.20 0.15 0.77 0.16 0.12 -0.01 0.05 0.00 -0.12 0.26 0.12 0.15 0.02 0.05 0.11 0.00 
RCH1 0.06 0.13 0.03 0.10 0.86 0.10 0.15 0.12 0.03 0.03 0.21 -0.01 0.03 -0.11 -0.04 0.10 0.00 
RCH2 -0.04 0.04 -0.03 0.08 0.90 0.13 0.06 0.12 -0.03 -0.04 0.10 0.00 0.06 -0.03 -0.03 -0.01 0.06 
RCH3 0.05 0.14 -0.03 0.11 0.89 0.04 0.10 0.14 -0.06 -0.09 0.11 0.08 -0.07 0.00 -0.04 0.00 0.01 
DOH1 0.14 0.06 0.23 0.13 0.12 0.87 0.04 0.05 0.01 -0.02 -0.08 -0.05 0.14 0.10 0.01 0.03 0.05 
DOH2 0.16 0.01 0.23 0.06 0.12 0.88 0.04 -0.04 0.06 -0.08 0.02 0.00 0.03 0.04 0.07 -0.02 0.00 
DOH3 0.26 0.08 0.19 0.12 0.05 0.87 0.11 0.09 0.00 -0.01 -0.02 -0.01 0.10 0.06 0.05 -0.04 -0.01 
RMF1 0.09 0.13 -0.03 0.04 0.03 0.07 0.87 0.11 0.07 -0.07 0.06 0.12 0.11 0.01 -0.04 -0.04 0.07 
RMF2 0.04 -0.08 0.01 0.06 0.08 0.07 0.82 0.12 0.14 -0.01 0.20 0.23 0.02 0.07 0.01 -0.07 0.18 
RMF3 0.10 0.10 -0.07 0.04 0.06 0.00 0.88 0.13 0.02 -0.11 -0.13 0.04 0.06 -0.02 -0.02 0.00 0.06 
RMF4 0.02 -0.02 0.09 0.06 0.18 0.05 0.84 0.20 0.08 -0.11 0.16 0.14 0.10 -0.13 -0.07 -0.04 0.03 
RCF1 0.02 0.21 -0.06 0.06 0.13 0.10 0.24 0.85 -0.02 -0.15 0.12 0.08 0.04 -0.10 -0.08 -0.13 0.12 
RCF2 0.00 0.09 -0.05 0.02 0.13 0.02 0.17 0.89 -0.02 -0.10 0.08 0.09 0.06 -0.12 -0.09 -0.05 0.15 




0.01 -0.07 0.07 -0.09 -0.02 -0.05 0.11 -0.01 0.87 -0.02 -0.05 -0.04 0.15 -0.02 -0.03 0.01 0.25 
0.02 0.02 0.04 0.06 -0.09 0.10 0.02 0.01 0.89 -0.05 -0.05 -0.08 0.13 -0.05 0.08 0.09 0.20 





0.01 0.00 -0.02 -0.04 0.02 -0.08 -0.08 -0.11 0.01 0.92 -0.09 -0.10 0.05 0.07 0.06 0.04 0.12 
0.00 0.00 -0.12 -0.02 -0.02 0.00 -0.07 -0.07 -0.01 0.91 -0.10 -0.09 -0.05 0.10 0.03 -0.03 0.11 
0.02 -0.02 0.01 -0.11 -0.03 0.03 -0.08 -0.10 0.00 0.91 -0.11 -0.13 0.06 0.18 0.03 0.03 0.11 
0.04 0.00 -0.02 -0.14 -0.09 -0.05 -0.06 -0.05 -0.03 0.92 -0.09 -0.08 0.08 0.13 0.00 0.09 0.08 
  
63 
  FACTOR 
RMT RCT DOT RMH RCH DOH RMF RCF DOF SUB DEP CON TRA PUE SAF DAQ DAR 
DEP1 0.19 0.30 -0.09 0.25 0.22 -0.09 0.09 -0.03 -0.05 -0.26 0.73 0.11 0.04 -0.05 -0.04 0.05 0.02 
DEP2 0.32 0.08 -0.06 0.22 0.24 -0.06 0.05 0.22 -0.12 -0.20 0.67 0.16 0.02 -0.03 -0.07 0.04 0.14 
DEP3 0.28 0.08 -0.02 0.27 0.14 -0.04 0.09 0.11 -0.01 -0.14 0.76 0.13 0.10 0.05 -0.11 0.03 0.15 
DEP4 0.25 0.25 -0.08 0.24 0.17 0.08 0.16 0.11 -0.02 -0.13 0.64 0.09 0.10 0.23 -0.08 0.03 0.15 
CON1 -0.01 -0.03 0.02 0.02 -0.01 -0.03 0.21 0.12 0.00 -0.15 0.06 0.86 0.02 0.07 0.10 0.08 0.05 
CON2 0.00 0.07 -0.04 0.04 0.04 -0.02 0.14 0.03 -0.02 -0.10 0.05 0.87 0.05 0.10 0.01 0.11 0.13 
CON3 0.08 0.12 -0.02 0.01 0.03 -0.01 0.10 -0.01 -0.03 -0.16 0.17 0.84 0.09 0.08 0.03 0.16 0.19 
TRA1 0.08 0.18 0.14 0.00 0.02 0.11 0.13 -0.08 0.05 0.13 0.17 0.07 0.69 0.06 -0.07 0.04 -0.03 
TRA2 0.12 0.10 0.02 0.20 -0.02 0.07 0.08 -0.02 0.05 0.08 0.01 -0.01 0.84 0.12 0.08 0.00 0.13 
TRA3 -0.01 -0.05 0.10 0.04 -0.07 0.01 0.04 0.15 0.15 -0.06 -0.05 0.10 0.84 0.04 0.06 -0.17 0.00 
TRA4 0.10 0.06 0.03 0.01 0.09 0.07 0.04 0.03 0.02 0.00 0.05 0.00 0.86 0.07 0.02 0.05 0.09 
PUE1 0.00 -0.03 0.05 0.05 -0.07 0.05 0.03 -0.07 0.01 0.13 -0.01 0.09 0.10 0.90 0.13 0.18 0.10 
PUE2 0.02 0.02 0.14 0.07 -0.04 0.08 -0.07 -0.11 0.02 0.20 0.04 0.09 0.08 0.86 0.00 0.25 0.11 
PUE3 0.05 -0.02 0.13 0.11 -0.05 0.08 -0.03 -0.08 -0.02 0.22 0.09 0.11 0.14 0.84 0.03 0.27 0.07 
SAF1 -0.04 0.18 0.21 -0.01 -0.02 0.12 -0.20 -0.19 0.04 0.19 -0.06 0.12 0.09 0.24 0.68 0.18 -0.08 
SAF2 -0.17 0.03 0.14 -0.08 -0.02 0.07 -0.01 -0.07 -0.02 0.11 0.07 0.05 0.03 0.05 0.85 -0.03 -0.13 
SAF3 -0.05 -0.15 0.03 0.04 -0.08 -0.01 0.00 0.04 0.01 -0.09 -0.21 0.01 0.00 -0.03 0.88 0.04 0.00 
DAQ1 0.03 0.04 0.12 0.04 0.01 -0.06 0.02 -0.05 0.06 0.10 0.09 0.23 0.00 0.12 -0.04 0.80 -0.04 
DAQ2 -0.01 0.02 0.04 0.07 -0.01 -0.05 0.01 -0.01 -0.02 0.01 0.02 0.10 0.02 0.21 0.04 0.82 0.02 
DAQ3 0.04 0.09 -0.01 -0.05 0.06 0.05 -0.07 -0.08 0.03 0.01 -0.03 -0.02 -0.03 0.14 0.07 0.87 -0.09 
DAQ4 -0.10 0.02 -0.02 0.05 0.01 0.03 -0.08 -0.07 0.01 0.00 0.00 0.03 -0.05 0.08 0.03 0.90 0.00 
DAR1 0.04 0.03 0.07 -0.01 -0.03 0.03 0.04 0.13 0.17 0.15 0.11 0.08 0.04 0.05 -0.02 0.01 0.88 
DAR2 0.03 -0.01 -0.03 -0.04 0.04 -0.02 0.06 0.07 0.19 0.07 0.14 0.07 0.03 0.03 -0.08 -0.09 0.89 
DAR3 0.02 0.10 0.00 0.09 0.04 0.04 0.12 0.06 0.12 0.03 0.03 0.07 0.04 0.08 -0.03 -0.04 0.89 
DAR4 0.09 0.15 0.07 0.09 0.04 0.00 0.10 0.15 0.10 0.22 -0.03 0.17 0.09 0.10 -0.07 0.02 0.83 
Eigen-value 6.54 2.40 1.06 4.12 1.95 1.76 3.85 2.21 0.94 11.24 1.50 1.16 2.52 1.70 0.80 3.04 4.89 
Var. 11.08 4.06 1.80 6.98 3.30 2.98 6.53 3.74 1.60 19.05 2.54 1.97 4.27 2.88 1.35 5.16 8.28 
Cum. Var. 11.08 15.14 16.94 23.92 27.22 30.20 36.73 40.47 42.07 61.12 63.66 65.63 69.90 72.78 74.13 79.29 87.57 
RMT= Relative magnitude of IT resource, RCT= IT resource criticality, DOT= Discretion over external IT resource, RMH= Relative magnitude of human 
resource, RCH= Human resource criticality, DOH= Discretion over external human resource, RMF= Relative magnitude of financial resource, RCF= 
Financial resource criticality, DOF= Discretion over external financial resource, SUB= Source substitutability (SUB), DEP= Public agency dependence, 
CON=Public agency conformity needs, TRA=Need for transparency, PUE=Need for public engagement, SAF= Sensitivity of agency function, DAQ= Data 
quality, DAR=Data as revenue source 
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Table 2.6: Inter-Construct Correlations 
  RMT RCT DOT RMH RCH DOH RMF RCF DOF SUB DEP ODB2 CON TRA PUE SAF DAQ DAR 
RMT 0.95                                   
RCT 0.34** 0.95                                 
DOT 0.20* 0.37** 0.82                               
RMH 0.52** 0.43** 0.27** 0.91                            
RCH 0.13 0.31** 0.01 0.27** 0.93                          
DOH 0.37** 0.22* 0.51** 0.30** 0.21* 0.94                        
RMF 0.18 0.18* 0.01 0.18 0.25* 0.15 0.96                      
RCF 0.11 0.36** -0.05 0.17 0.34** 0.10 0.41** 0.96                     
DOF 0.00 -0.05 0.07 0.02 -0.04 0.06 0.18 -0.05 0.92                   
SUB 0.00 -0.05 -0.07 -0.20* -0.11 -0.07 -0.18 -0.23* 0.01 0.95                 
DEP 0.49** 0.45** -0.01 0.56** 0.42** 0.08 0.30** 0.34** -0.06 -0.30** 0.89               
ODB2 0.18 0.09 -0.09 0.34** 0.18 0.00 0.39** 0.30** 0.03 -0.39** 0.54** N.A            
CON 0.08 0.17 0.02 0.13 0.10 0.00 0.34** 0.18 0.01 -0.23* 0.33** 0.49** 0.92           
TRA 0.23* 0.24* 0.24* 0.23* 0.05 0.22* 0.19 0.10 0.19 0.06 0.18 0.14 0.13 0.83         
PUE 0.08 0.06 0.25* 0.16 -0.09 0.16 -0.04 -0.20* 0.04 0.30** 0.07 0.05 0.19 0.22* 0.94       
SAF -0.16 0.00 0.29** -0.05 -0.11 0.12 -0.15 -0.20* 0.01 0.13 -0.22* -0.29** 0.08 0.08 0.22* 0.85     
DAQ -0.01 0.11 0.10 0.09 0.04 0.00 -0.07 -0.16 0.03 0.07 0.07 0.16 0.22* -0.01 0.41** 0.14 0.87   
DAR 0.14 0.22* 0.08 0.12 0.09 0.07 0.23** 0.27** 0.34** 0.20* 0.23* 0.13 0.24* 0.17 0.19 -0.12 -0.03 0.92 
 
Mean 4.19 4.00 3.23 4.32 5.13 3.53 3.58 4.31 3.16 3.33 4.59 3.87 4.52 2.27 3.59 3.12 5.43 2.06 
Standard 
Deviation 
1.34 1.30 1.25 1.12 1.27 1.30 1.07 1.51 1.30 1.22 1.17 1.42 1.08 0.76 1.36 0.98 0.75 1.03 
*Significant at p<0.05;**p<0.01 
RMT= Relative magnitude of IT resource, RCT= IT resource criticality, DOT= Discretion over external IT resource, RMH= Relative magnitude of human 
resource, RCH= Human resource criticality, DOH= Discretion over external human resource, RMF= Relative magnitude of financial resource, RCF= 
Financial resource criticality, DOF= Discretion over external financial resource, SUB= Source substitutability (SUB), DEP= Public agency dependence, 
ODB2=Open data sharing behaviour, CON=Public agency conformity needs, TRA=Need for transparency, PUE=Need for public engagement, SAF= 
Sensitivity of agency function, DAQ= Data quality, DAR=Data as revenue source 
65 
As our study employed perceptual measures with a single data collection 
method, we tested for common method bias that may inflate correlations and 
create collinearity concerns (Sharma et al. 2009). The Harman’s one-factor test 
that involves entering all constructs into an unrotated principal components 
factor analysis and examining the resultant variance is used to examine the 
extent of the bias (Podsakoff et al. 2003). Our results show that not a single 
factor accounted for more than 50% of variance (the highest was 19.05%). In 
addition, we included a common method factor into the measurement model 
with the original latent variables and calculated the squared factor loadings for 
both the method factor and the substantive factors as suggested by Liang et al. 
(2007). As shown in Appendix D, Table D.1., the average variance explained 
by the substantive factors was 0.918, while the average method-based variance 
was of a small magnitude (0.003) and most of the method factor loadings are 
not significant. Thus, these results show that common method bias is not a 
concern in our study. 
2.5.2 Hypotheses Tests 
Partial least squares (PLS) analysis was performed with SmartPLS 2.0 to test 
our structural model, with bootstrapping to assess the statistical significance of 
path coefficients following Chin et al. (2003). Significance levels were 
estimated using 204 bootstrap samples. The PLS results are shown in Figure 2.2, 
including standardized path coefficients, their significance, and the amount of 
variance explained. Table 2.7 summarizes the results of hypotheses tests.
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Table 2.7: Results of Hypothesis Testing 
Relationships Path Coefficient T-Value Result 
Relative magnitude of resource 
IT -> Public agency dependence 0.32*** 3.62 H1a supported 
Human -> Public agency dependence 0.29*** 3.33 H1b supported 
Financial -> Public agency dependence 0.09 1.34 H1c unsupported 
Resource criticality 
IT -> Public agency dependence 0.20* 2.26 H2a supported 
Human -> Public agency dependence 0.20** 2.63 H2b supported 
Financial -> Public agency dependence 0.05 0.65 H2c unsupported 
Discretion over external resource 
IT -> Public agency dependence -0.19* 1.67 H4a supported 
Human -> Public agency dependence -0.16* 1.80 H4b supported 
Financial -> Public agency dependence -0.05 0.62 H4c unsupported 
 
Source substitutability -> Public agency dependence -0.21*** 3.12 H3 supported 
Public agency dependence -> Open data sharing behaviour  0.33*** 3.25 H5 supported 
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Relationships Path Coefficient T-Value Result 
Controls 
Public agency conformity needs  -> Open data sharing behaviour 0.38*** 3.54 Significant 
Need for transparency  -> Open data sharing behaviour 0.10 0.86 Non-significant 
Need for public engagement  -> Open data sharing behaviour 0.01 0.09 Non-significant 
Sensitivity of agency function  -> Open data sharing behaviour -0.30*** 3.17 Significant 
Data quality  -> Open data sharing behaviour 0.11 1.02 Non-significant 
Data as revenue source  -> Open data sharing behaviour -0.08 1.02 Non-significant 




Figure 2.2: Public Agency Resource Dependency Model with PLS Results 
 
Under relative magnitude of resource, both IT and human resources had 
significant positive effects on public agency dependence i.e., H1a and H1b were 
supported. The relationship between relative magnitude of financial resource 
and public agency dependence was non-significant i.e., H1c was not supported. 
Apart from financial resource criticality that was not related to public agency 
dependence i.e., H2c was not supported, both IT and human resource criticality 
were found to significantly influence the dependent variable i.e., H2a and H2b 
were supported. For the relationships between discretion over external resource 
and public agency dependence, both IT and human resources were found to have 
significant positive effects on public agency dependence i.e., H4a and H4b were 
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supported but H4c was not supported. Source substitutability had a significant 
negative relationship on public agency dependence i.e., H3 was supported. Last, 
public agency dependence had a significant positive effect on open data sharing 
behaviour. Overall, 8 out of 11 hypotheses were supported and the model 
explained 48.9% of variance in the dependent variable.  
Besides the main variables of focus in our study, we evaluated the possible 
effects of several control variables on our dependent variable. Sensitivity of 
agency function and public agency conformity needs were found to negatively 
and positively affect the dependent variable respectively, while the rest of the 
control variables had no impact. The control variables accounted for 39.2% of 
variance in the dependent variable. 
2.5.3 Post-hoc Analysis 
A post-hoc analysis was conducted to evaluate whether public agency resource 
dependence mediated the effects of the antecedents on the dependent variable. 
Mediation tests were conducted with the Sobel test, Aroian’s test, and 
Goodman’s test as recommended in Edwards and Lambert (2007). Mediation is 
significant if at least two of the three test statistics are significant (see Table 2.8). 
Our mediation test results reveal that the effects of relative magnitude of IT and 
human resource, IT and human resource criticality, and source substitutability 
on the dependent variable were fully mediated by public agency resource 
dependence. However, the mediation results for discretion over external IT and 
human resources were non-significant. This suggests that public agency 
resource dependence partially mediates the relationship between these two 
variables and open data sharing behaviour.   
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Relative magnitude of 
IT resource 
4.79* 4.76* 4.82* Yes 
Relative magnitude of 
human resource 
4.23* 4.20* 4.26* Yes 
IT resource criticality 4.00* 3.97* 4.03* Yes 
Human resource 
criticality 
3.40* 3.37* 3.44* Yes 
Discretion over 
external IT resource 





0.68  0.67  0.68  No 
(Partial) 
Source substitutability 2.37* 2.32* 2.42* Yes 
*Mediation is significant at p<0.05 
 
In addition to mediation tests, based on the responses received, we were able to 
perform a verification of whether our respondents are sharing their datasets with 
the public as reflected in their response. This was done by validating their 
answer to ODB1 (“My agency shares raw data with the public”) with the online 
location where they have published their datasets as required in ODB3 (“Where 
does your agency publish datasets to the public online?”). Our verification did 
not find any inconsistency among the responses. Further, we ran a logistic 
model with ODB1 as the dependent variable to determine if the outcome is 
consistent with our findings. The logistic regression results show that the odds 
of sharing open data are significantly higher (e1.081=2.948 times) for public 
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agencies with higher dependence on external stakeholders for innovation than 
those with less dependence, which corroborates with our earlier findings.   
2.6 Discussion and Implications 
2.6.1 Discussion of Findings 
The first objective of this study was to identify the types of resources that public 
agencies depend on external stakeholders for innovation activities. Our results 
show that IT and human resources represent two major categories of resources 
that public agencies recognize their dependence on external stakeholders. It also 
reveals that public agencies are more reliant on external IT resources than 
human resources for innovation. However, we did not find significant 
relationships between financial resources (i.e., relative magnitude of financial 
resource, financial resource criticality, and discretion over financial resource) 
and public agency dependence. This indicates that public agencies do not feel 
constrained by their available financial resources to innovate. A possible 
explanation for this result lies in the country where the study was conducted. As 
Singapore is commonly attributed with having prudent and able budgetary 
management (Lim 2009), the government often has an annual budget surplus. 
Besides achieving higher financial security, governments with budget surpluses 
have higher financial flexibility that public organizations can draw on to help 
them achieve their goals e.g., innovation to meet the needs of the public (Bryson 
et al. 2007). Hence, this may explain the insignificance of public agencies’ 
financial dependence on their external stakeholders for innovation.  
The second objective of this study was to determine if public agencies’ 
dependence on external stakeholders was positively related to their open data 
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sharing behaviour. Our finding lends support to this relationship by showing 
that participation in open data initiatives is motivated by public agencies seeking 
to tap on various resources that external stakeholders possess. Overall the model 
is largely supported as shown by our results. 
2.6.2 Implications for Theory and Research 
This study contributes to research in several ways by examining the open data 
phenomenon from the perspective of public organizations as providers of data. 
First, although researchers and practitioners have begun to examine the open 
data phenomenon, they have not investigated the drivers behind public 
organizations’ open data sharing behaviour. This study addresses the gap in 
open data research that has only recently delved into national open data policies 
comparisons (Huijboom and Den Broek 2011), and the benefits and adoption 
barriers of open data sharing (Janssen et al. 2012).  
Second, this study is anchored on the resource dependency theory that had been 
used in public administration research, but not to examine public organizations’ 
dependence on external stakeholders i.e., businesses or individuals. Although 
public agencies are traditionally concerned with managing intra-government 
dependencies for resources (e.g., Chen and Hu 2012), our study showed that 
external stakeholders are also depended on to provide various resources for 
public sector innovation purposes. Therefore, even as e-government efforts 
mature and more engagement is sought after between public agencies and their 
external stakeholders, RDT can serve as an important theoretical basis to 
examine these relationships.  
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Third, besides applying the resource dependence theory to explain open data 
sharing behaviour, we draw on the resource-based view to identify the types of 
resources that public organizations may depend on their external stakeholders. 
Although public administration literature has demonstrated the applicability of 
RBV in the public sector (e.g., Bryson et al. 2007; Lee and Whitford 2013), its 
usage has not been extended to evaluate the role of resources in the innovation 
context. By forging a synergy between the resource dependence theory and 
resource-based view, our findings indicate that public organizations depend on 
their external stakeholders for different types of resources. Specifically, based 
on the types of resources i.e., IT, human, financial, that we identified as essential 
for public organizations from the public administration literature, we found that 
IT and human resources are two types that public organizations are reliant on 
external stakeholders for innovation in our study sample.  
Fourth, this study finds support for the relationship that public organizations 
will have a tendency to share a greater extent of their raw data when they have 
higher resource dependence on external stakeholders. Unlike commonly cited 
reasons for public organizations to participate in open data such as for 
transparency and public engagement (e.g., Nam 2011), this study revealed that 
resource dependency can be an underlying factor explaining public agencies’ 
open data sharing behaviours. In particular, our findings show that public 
organizations who perceive greater dependence on their external stakeholders 
for IT and human resources will have a greater inclination for open data sharing.  
In addition, our results showed that need for transparency and public 
engagement may not be reflective of public agencies’ open data sharing 
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behaviour. These findings suggest that the need to leverage external resources 
may be a more salient factor when explaining participation in open data sharing. 
2.6.3 Implications for Practice 
This study’s findings suggest that a way for public organizations to reach out to 
their external stakeholders is by sharing raw data that they possess for service 
innovation. With increased disclosure of government data, external stakeholders 
will be better empowered to experiment with different ways to enhance public 
value, which resonates with recent Web2.0 trends of public organizations 
seeking to expand their reach and engage the public beyond traditional means 
(Assar et al. 2011; Jaeger et al. 2012). In particular, open data may be an 
effective way for public organizations to obtain IT (e.g., hardware servers and 
network assets to host new services) and human resources (e.g., ideas, technical 
knowledge, programming expertise). Thus, management of public 
organizations are encouraged to consider the usefulness of open data to 
overcome the lack of these internal resources.  
This study also found that high dependence on external resources for innovation 
or pressures to conform can drive public agencies to release their datasets. 
However, this may open the possibilities of abuse such as a misrepresentation 
of data or breach of privacy if the sensitivity of the nature of data is not 
considered. Management of public organizations must practise caution when 
deciding the types of data to release. For example, raw data that can be 
aggregated or combined by external parties to accurately identify an individual 
will not be suitable for disclosure due to privacy concerns. In addition, although 
public agencies have less control over the types of resources that external 
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stakeholders provide, it is recommended to have a mechanism in place to 
withdraw the rights of use of data provided through open data should the need 
arise (e.g., in case of misuse of data).  
Our findings also suggest that potential barriers to open data sharing should be 
considered by management. For example, we established that the sensitivity of 
agency function can restrict extent of data sharing. Therefore, for public 
organizations with a sensitive nature (e.g., Ministry of Defence, Singapore 
Police Force), they may consider other methods to tap on the resources of their 
external stakeholders (e.g., public-private partnership).   
This study also found that conformity pressures from the upper echelons of the 
government can be an effective way to encourage public organizations to share 
more raw data with the public. For policymakers, the development of carefully 
crafted guidelines (e.g., to encourage data sharing without compromising on 
privacy and security) for the public sector can provide guidance for public 
organizations on the sharing of datasets, and also to motivate them to embrace 
open data as a way to stimulate external innovation in public service. In addition, 
this finding has implications for public agencies, as they may have to find ways 
to overcome the barriers of data release, in the event that they have to meet 
mandates from upstream organizations that they report to. For example, if they 
face difficulties in making investments for data cleansing before release, they 
may have to request for support from upstream organizations. 
2.6.4 Limitations and Future Research 
The findings of this study must be interpreted in the context of its limitations. 
First, as our data was collected through a cross-sectional survey, the posited 
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causal relationships could only be inferred even though theorizing is based on a 
generally well accepted theory and prior empirical studies. The collection of 
longitudinal data is encouraged in future studies to assess the causal validity of 
the relationships in our model.  
Second, a potential limitation of our study is that it is conducted in a single 
country. As different countries have their unique institutional conditions within 
the public sector, our findings may not be immediately generalized to other 
countries. For example, the country where this study was conducted has been 
attributed with high financial security as a result of years of budget surpluses 
(Lim, 2009). This may have negated possible effects of financial resource 
dependence that we found in our study. Hence, future research can validate this 
model in other nations to extend its generalizability.      
Third, the data for our study was obtained mainly from primary sources by 
means of a survey questionnaire. Although we validated the existence of open 
data sharing by public organizations, future studies can use more secondary data 
to shed further light on the effects of different type of resources on public 
agencies dependence, and its effect on their open data sharing behaviour. For 
example, the relative magnitude of resource can be determined objectively by 




ESSAY 2: UNCERTAINTY AND RISK IN OPEN DATA 
INNOVATION 
3.1 Introduction 
Since the launch of the first open data portal in the United States in 2009 where 
government agencies can provide public access to their information and data 
online (Peled 2011), the concept of open data has gained prominence across a 
number of countries around the world such as UK, Singapore, and Australia, 
where similar open data initiatives have been launched. Open data involves the 
disclosure of raw datasets by public agencies for external consumption. By 
leveraging the advancements in ICT, public agencies that are commonly viewed 
as the largest creators and collectors of data have the potential to share a 
multitude of information across many domains with the public, e.g., finance, 
transport, environment (Janssen 2011).  
Several studies have highlighted the opportunities afforded to external 
stakeholders by open data (e.g., Chan 2013; Kuk and Davies 2011; Janssen et 
al. 2012). With access to data from public agencies, external parties can obtain 
specific facts according to their needs e.g., transport, and develop solutions that 
benefit society at large (Kuk and Davies 2011). Also, open data access enables 
interested parties to verify whether conclusions drawn by public agencies are 
accurate and justified (Janssen et al. 2012). Further, the public can contribute to 
policy decision-making by generating alternative solutions to problems faced 
by the government (Kuk and Davies 2011; Janssen et al. 2012). Aside from 
altruistic reasons, external innovators can tap on the economic potential of open 
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data through reorganizing, repackaging, and synthesizing data from various 
sources to generate applications with commercial utility (Chan 2013; DiFranzo 
et al. 2011).   
Despite the potential benefits for open data innovators, the interest in open data 
initiatives from the demand side has been discouraging (Peled 2011; Fioretti 
2011; Tinati et al. 2012). Though public agencies are organizing open data 
challenges and other activities to promote external innovation, the full potential 
of open data innovation in government services has yet to materialize (Halonen 
2012). For example, based on an analysis of messages posted in a UK 
Government Data Developers Google Group, initial enthusiasm about potential 
open data possibilities diminished after the deployment of the data.gov.uk portal 
(Tinati et al. 2012). Kuk and Davies (2011) also noted that a large proportion of 
datasets released in data.gov.uk did not attract much attention from developers. 
Overall, it appears that there has not been much interest from external parties to 
engage in open data innovation (Peled 2011; Halonen 2012), highlighting a need 
to understand the reasons behind their intention to innovate with open data.   
A review of the open data literature reflects that while both researchers and 
practitioners have started to investigate the phenomenon in recent years, 
research has mostly been conceptual (e.g., Robinson et al. 2009; Wilson and 
Linders 2011), practitioner-focused (e.g., Zuiderwijk et al. 2012; Hogge 2010), 
and not driven by theoretical perspectives. Moreover, the majority of the limited 
studies on open data were conducted from the perspective of public agencies 
(supply-side) (e.g., Huijboom and Den Broek 2011; Janssen et al. 2012), with 
little research on the external innovators (demand-side). In this area, there is a 
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lack of understanding about the rationale behind and decision of potential 
candidates to carry out such innovation. 
We propose that a possible reason for the lack of interest in innovating with 
open data is the perception of innovation uncertainty and risk. As innovation 
implies operationalizing a new idea, various kinds of uncertainty e.g., 
technological, and market (Jalonen and Lehtonen 2011), may surface in the 
innovator’s mind. Thus we aim to identify and understand the effects of 
different forms of uncertainty on potential innovators’ intention to use open data. 
In addition, different psychological variables such as innovativeness (Utsch and 
Rauch 2000) may motivate or hinder individuals to exploit an opportunity, 
given the uncertainties surrounding it. As these characteristics may influence 
the decision to innovate, we aim to identify the relevant characteristics and 
examine their effects on open data innovation. 
Motivated thus, this study seeks to answer the following research questions: (1) 
What forms of uncertainty influence risk perception of potential open data 
innovators? ; (2) What are the effects of psychological variables on perceived 
risk and its relationship with open data innovation intention? To examine the 
research questions, we developed a model based on the theoretical perspective 
of risk-taking to explain the different sources of uncertainty that can enhance 
perceived risk and inhibit external stakeholders’ intention to innovate with open 
data. In addition, we propose the direct and moderating impacts of 
psychological variables from the entrepreneurship literature that account for the 
characteristics of innovators and their risk-taking. To validate our model, we 
invited individuals who may be potential candidates for creating innovations 
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with open data such as IT entrepreneurs and mobile application developers to 
complete a web-based survey to solicit their views on developing new services 
with open data. The findings of the study are expected to inform research and 
extend theory about the underlying sources of uncertainty affecting innovation 
risk perceptions, and the effects on innovation intention in the open data context. 
This study further highlights the moderating effects of individual characteristics 
on the relationship between risk perception and innovation intention. 
Implications are provided for practitioners on whom to reach out to for open 
data innovation, and how to mitigate uncertainties that potential open data 
innovators may perceive. 
3.2 Conceptual Background 
In this section, we provide a review of the relevant literature on open data to 
show gaps in this area that our study seeks to address. Subsequently, we describe 
the risk-taking perspective and derive the different types of uncertainty in 
innovation for the development of our model. Last, we identify the 
psychological variables from the entrepreneurship literature that can directly or 
indirectly influence individuals’ intention to engage in open data innovation.  
3.2.1 Previous Research on Open Data 
Open data initiatives are being launched by public organizations as part of their 
efforts to enhance their services through improving stakeholder engagement and 
participation (Nam and Sayogo 2011). These initiatives involve making data 
and information produced or commissioned by public agencies freely usable, 
reusable, and redistributable by anyone (United Nations 2012). Leveraging on 
accessibility to these datasets, several public-created innovations have surfaced 
81 
over the years such as CrimeReports that allows the public to understand crime 
trends and share current neighbourhood crime data in the US, and BUSit 
London, which uses London Bus Data to allow users to plan for multi-leg bus 
journeys in the city. However, though there are a few examples of open data 
innovations around the globe, in general there is weak interest from the demand 
side (Halonen 2012).   
In spite of the lack of interest from potential innovators, very few studies have 
examined the open data phenomenon from the demand side. Although both 
researchers and practitioners have started to investigate the open data 
phenomenon in recent years, a majority of the studies are conducted from the 
viewpoint of the public agencies (supply-side). A few examples include 
identifying the challenges of implementing open data (Huijboom and Den 
Broek 2011; Janssen et al. 2012), key success factors of open data initiatives 
(European Commission 2011), principles of open data (e.g., Sunlight 
Foundation, 2010), and proposing stage models for open data (Kalampokis et 
al. 2011). As an exception, using a combination of field data and interviews 
with open data innovators, Kuk and Davies (2011) identified several factors that 
motivate or impede innovators’ use of open data during a competition in the UK. 
Respondents mentioned that they were driven by their desires to demonstrate 
how public services can be improved, to gain access to specific facts, the 
prospects of monetary reward, and to showcase their abilities for potential job 
prospects. However, their efforts are often hampered by public agencies’ release 
of data of poor quality. Some of these issues include inconsistent data formatting, 
data releases that were not timely, or a lack of data granularity. Nevertheless, 
there is a lack of theoretically grounded and empirically validated research 
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examining the factors that influence interest in open data innovation. Besides, 
although external innovators are now empowered to exploit the value of open 
data, they are susceptible to the uncertainties of innovation. Therefore, there is 
a need to identify the various types of uncertainties and individual 
characteristics that may influence potential innovators’ risk perception and 
intention to perform open data innovation. For this purpose, we make use of the 
risk-taking perspective to explain this phenomenon.  
3.2.2 Risk-Taking Perspective 
Since the 1940s when it was suggested that risk is an important component of 
economic activity (Knight 1948), the concept has been widely researched in 
disciplines such as marketing (e.g., Bauer 1967; Cunningham 1967; Cox 1967), 
and psychology (Kahn and Sarin 1988). The concepts of risk and uncertainty 
were further elaborated by Bauer (1967), who used them to understand 
individual decisions under conditions of imperfect information. Risk is the 
potential for an undesired outcome due to uncertainty about future 
developments that is assessed by the magnitude and probability of the negative 
outcome (Benaroch et al. 2006). While both uncertainty and risk deal with 
partial information, uncertainty relates to an inability to have an accurate 
prediction of the future due to partial knowledge (Dimoka et al. 2012). In 
essence, the significance of the consequences and the level of uncertainty jointly 
determine if a decision situation is risky (Keil et al. 2000). 
The risk-taking perspective suggests that individuals’ risk perception can 
influence decision-making behaviour (Sitkin and Pablo 1992). Risk perception 
serves as an assessment of the degree of overall uncertainty felt by the individual 
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in a particular situation (Nicolaou and McKnight 2006). In the context of our 
study, potential innovators will need to evaluate if they should or should not 
innovate with open data, which can be regarded as a risky decision because the 
newness of an idea implies that uncertainty is present during the innovation 
process (Tether and Howells 2007). Therefore, we contend that it is necessary 
to examine perceived risk as an antecedent of open data innovation intention.  
Uncertainty in innovation stems from several sources (Jalonen and Lehtonen 
2011). When individuals are unable to accurately predict or evaluate cues from 
different uncertainty sources, imperfect information can contribute to increased 
risk perceptions. Therefore, we seek to identify the different sources of 
uncertainty that can contribute to potential innovators’ overall perceived risk 
regarding open data innovation.  
3.2.3 Uncertainty in Innovation 
Amidst uncertainty, individuals have to make the crucial decision on whether 
to exploit a given opportunity or not. In the open data context, potential 
innovators have to evaluate if it is worth committing resources to innovate based 
on released data from public organizations. In the innovation decision-making 
process, the notion of uncertainty plays a salient role where it is considered to 
prevent entrepreneurial action (McKelvie et al. 2011). In particular, the decision 
to innovate or act entrepreneurially can be influenced both by the amount of 
uncertainty perceived by an individual, and the willingness of the person to bear 
uncertainty (McMullen and Shepherd 2006). To conceptualize uncertainty for 
our study, we reviewed the entrepreneurship literature to identify the different 
types of uncertainty that can influence an individual’s decision to innovate (in 
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this case with open data). Although the concept of uncertainty has been studied 
at the individual-level in IS research, these studies typically explain the 
behaviour of consumers in an e-commerce setting (e.g., Dimoka et al. 2012; 
Ghose 2009; Pavlou et al. 2007), which is less relevant to our context. On the 
other hand, with a focus on innovation at the individual-level, we consider that 
a review of the entrepreneurial literature is appropriate as it aligns with our 
purpose of examining potential innovators’ intention to create new services with 
open data.  
From our review, it is observed that innovation uncertainty has been studied 
with respect to specific types of uncertainty. This supports the suggestion that 
an overly broad conceptualization of uncertainty may not be appropriate 
because of the distinctness and differential effects of various uncertainty types 
(McKelvie et al. 2011; Song and Montoya-Weiss 2001). For example, 
McKelvie et al. (2011) conducted an experiment among decision-makers in the 
Swedish software industry and found that they make different decisions 
regarding their willingness to launch new software products, depending on the 
type and extent of uncertainty encountered. Therefore, based on our review of 
this stream of research, we synthesized and identified the types of uncertainty 
that may be relevant to open data innovation. These types (financial, 




Table 3.1: Types of Uncertainty from the Entrepreneurship Literature 
Type of 
uncertainty 




Availability of capital 
 Access to finance 
 
Liao and Gartner (2006) ; 
Matthews and Human 
(2004);  




Ramsey et al. (2008) 
Technological 
Novelty  
 Newness of technology 
 Ability to apply new 
technology 
Jalonen and Lehtonen 
(2011);  
Meijer et al. (2007); 
Song and Montoya-Weiss 
(2001) 
Technological turbulence 
 Technology change 
Hoskisson and Busenitz 
(2002); 
Liao and Gartner (2006) ; 
Matthews and Human 
(2004); 
McKelvie et al. (2011);  
Meijer et al. (2007); 





 Market (competitors) 
Hoskisson and Busenitz 
(2002); 
 Jalonen and Lehtonen 
(2011); 
Liao and Gartner (2006);  
Matthews and Human 
(2004); 




 Market (customers) 
 Demand change 
 Market (demand) 
Hoskisson and Busenitz 
(2002); 
Jalonen and Lehtonen 
(2011); 
Meijer et al. (2007); 
McKelvie et al. (2011) 
 
In addition to the uncertainty types that we identified in the table, we suggest 
that data uncertainty is a unique type of uncertainty that is salient for our context. 
We define it as a potential innovator’s difficulty in predicting whether public 
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organizations release data to the public in a manner that facilitates innovation. 
As aspects such as data accessibility and availability are pre-requisites for open 
data innovation, potential open data innovators’ uncertainty in this area will 
likely play a role in influencing their intention to develop new applications or 
services with open data. Therefore, we include data uncertainty in addition to 
financial, technological, competitive, and demand uncertainty, as an antecedent 
of perceived risk of innovating in our model. 
Other than uncertainty, research on entrepreneurial action highlights the effect 
of psychological variables of innovators on individuals’ willingness to bear risk 
(McMullen and Shepherd 2006), which we review next. 
3.2.4 Psychological Variables in Innovation 
Several psychological variables have been suggested to influence individuals to 
engage in entrepreneurial activity. Table 3.2 provides the definitions of these 
commonly studied psychological variables in the literature.    
Among these variables, we contend that innovativeness may affect individual’s 
innovation intention. This is because an individual’s willingness and interest to 
look for novel solutions to problems (i.e., innovativeness) might motivate and 
raise their interest in innovating with open data. In addition, we also consider 
risk taking propensity as a possible antecedent of risk perception about open 
data innovation. This relationship has increasingly received support in IS risk-
related studies that suggest a negative relationship between risk taking 
propensity and risk perception (e.g., Nicolaou and McKnight 2006; Xue et al. 
2011).  
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Table 3.2: Commonly Studied Psychological Variables 
 in Entrepreneurship 
Construct Definition 
Innovativeness An individual’s tendency to be creative in thought and 
action, and have a preference for novel solutions to 
problems and an appreciation for original ideas 
(Mueller and Thomas, 2001) 
Risk taking 
propensity 
The tendency of an individual to take chances with 
respect to risk of loss (Sitkin and Weingart 1995)  
Ambiguity 
tolerance 
A person's capacity to accept the absence of 
information about the range and probabilities of 
possible outcomes (McNally et al., 2009) 
Internal locus of 
control 
An individual’s general expectancy of the outcome of 
an event as being within personal control and 
understanding (Rauch and Frese, 2007) 
 
Ambiguity tolerance is excluded from our model due to its similarity with risk-
taking propensity. This is because individuals with low levels of ambiguity 
tolerance tend to perceive uncertain situations (e.g., lack of information, 
contradictory information) as sources of threat (Conchar et al. 2004) i.e., they 
have low risk taking propensity. We include internal locus of control as a 
control variable in our model because though it had been associated with 
entrepreneurial action (Mueller and Thomas 2001), there is little consensus on 
the use of this variable to detect differences between entrepreneurs and non-
entrepreneurs (Canina et al. 2010; Monsen and Urbig 2009). In all, we include 
innovativeness and risk taking propensity as antecedents, and internal locus of 
control as a control variable in our model. 
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3.3 Model and Hypotheses 
Based on the theoretical perspective of risk-taking, the different types of 
uncertainty, and the psychological variables of potential innovators, we develop 
the open data external innovator model shown in Figure 3.1. We propose that 
various sources of uncertainty and risk-taking propensity will influence the 
perceived risk of innovating of potential innovators, which in turn can impact 
their intention to innovate with open data. Perceived risk of innovating is 
defined as a potential innovator’s assessment of the risk when confronted with 
the decision to innovate (adapted from Sitkin and Pablo, 1992). In addition, 
technological and demand uncertainty are expected to influence competitive 
uncertainty. Further, we propose that the innovativeness of a potential candidate 
has a direct effect on innovation intention, and a moderating effect on the 
relationship between perceived risk and the intention to innovate with open data.  
Intention to innovate with open data is chosen as the dependent variable for this 
study because there are very few individuals who have actually innovated with 
open data 2 . Thus, this study will focus on individuals who are potential 
candidates for open data innovation and examine what predicts their intention 
to innovate. The hypotheses are detailed next. 
  
                                                 
2  Out of over 8800 datasets released in data.gov.sg by start of 2014, only 79 
applications/services have been created (see Appendix B, Table B.2.) 
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Figure 3.1: Open Data External Innovator Model
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3.3.1 Uncertainty and Perceived Risk of Innovation 
Financial uncertainty 
Financial uncertainty refers to potential innovator’s perceived inability to 
predict access to financial capital and returns of investment for open data 
innovation (adapted from Gerwin 1988; Yusuf 2002). These two aspects of 
financial uncertainty should be important for potential innovators i.e., the 
availability of capital for the innovation (Matthews and Human 2004; Ferrary 
2010), and the uncertainty surrounding the net future returns of the innovation 
(Cocosila et al. 2009; Gerwin 1988). First, as financial resources will be 
required for the development of new services with open data, the inability to 
predict access to these resources from various sources such as venture capital 
creates uncertainty. Second, potential innovators are also faced with the 
uncertainty of whether they will be able to cover the costs incurred during the 
open data innovation from the revenues, and what the financial returns from the 
innovation will be. In combination, when individuals perceive that financial 
uncertainty in innovating with open data is high, it can be expected that their 
perceived risk of open data innovation will correspondingly be high. Thus, we 
hypothesize: 
H1: Financial uncertainty is positively related to perceived risk of innovating 
Competitive uncertainty 
Competitive uncertainty refers to the degree to which a potential innovator has 
difficulty predicting the level of competitive rivalry with respect to open data 
innovation, and the behaviour of competitors (adapted from Beckman et al. 
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2004). In the absence of information about the competitive landscape such as 
the possibility of public organizations developing similar services, open data 
innovators may find it difficult to choose an appropriate strategy and plan to 
achieve better outcomes. Even if they undertake comprehensive planning, 
innovators are vulnerable to the unpredictability of their rivals’ response (Kor 
et al. 2008). Therefore, when potential innovators of open data perceive high 
competitive uncertainty, this is expected to increase their risk perception of 
innovating with open data. Thus, we hypothesize:      
H2: Competitive uncertainty is positively related to perceived risk of 
innovating 
Technological uncertainty 
Technological uncertainty refers to potential innovators’ degree of unfamiliarity 
with the technology and the perceived difficulty in predicting the change in the 
technology for open data innovation (adapted from Chen et al. 2005). Two 
salient dimensions of technological uncertainty we derived from the literature 
review of Table 3.2 are the novelty of the technology (Song and Montoya-Weiss 
2001) and technological turbulence (Liao and Gartner 2006). Prior literature has 
shown that technological turbulence is a concern in innovation because as 
technology life cycles are shortened, rapid modifications may be required 
during development because technological obsolescence can set in even before 
a product or service is launched (Bstieler 2005). Besides technological 
turbulence, novelty of the technology can add to technological uncertainty. For 
example, it is recognized in IT risk management studies that new and untried 
technology can increase the risk of IT project failure due to inadequate 
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knowledge of the new technology (Smith et al. 2001). As open data innovations 
are likely to be applications or services (Kuk and Davies 2011) that will require 
programming experience (e.g., for mobile applications) to develop, the 
similarity with software development context allows us to draw on the effects 
of technological uncertainty from that area (e.g., Harris et al. 2009). Therefore, 
since both technological turbulence and technology novelty are salient sources 
of uncertainty in the software development context, we expect that uncertainty 
with regard to technology will be positively related to the risk perception of the 
innovator in the open data context. Thus, we hypothesize: 
H3: Technological uncertainty is positively related to perceived risk of 
innovating 
While technological uncertainty is conceptually distinct from competitive 
uncertainty, we propose that the former will positively influence potential 
innovator’s perceptions regarding the latter. It has been suggested that when 
innovators’ perceive high technological uncertainty, it will influence their 
competitive uncertainty because they become unsure about their competitive 
position within the industry (Souder and Moenaert 1992). In the open data 
context, when potential innovators are subject to high rate of technological 
change and are unfamiliar with a new development platform, they may be 
unsure about the dynamics of the competition. Therefore, we expect that 
technological uncertainty will increase the competitive uncertainty of potential 
innovators. Thus we hypothesize: 




Demand uncertainty refers to a potential innovator’s inability to understand 
users’ preferences and demand for a service created based on open data as well 
as predict change in demand for open data innovation (adapted from Atuahene-
Gima and Li 2004). Although firms can attempt to reduce demand uncertainty 
e.g., by reaching out to customers through surveys, it cannot be eliminated 
completely because of ever-changing user preferences (Beckman et al. 2004; 
Dao and Zmud 2009). In our study context, potential users of open data 
applications or services can span across various groups of citizens such as those 
who have internet connectivity through computers or mobile devices and those 
who do not. As potential innovators of open data, it can be difficult to predict 
the demand for the new service because of the inability to accurately gauge the 
needs of potential users. As a consequence, uncertainty in this area may increase 
perceived risk of innovating with open data. Thus, we hypothesize: 
H5: Demand uncertainty is positively related to perceived risk of innovating 
As demand uncertainty reflects the unpredictability of user needs, if the 
innovator is unsure about what users require or are expecting, it may affect the 
perception of the innovator’s competitive position (Souder and Moenaert 1992). 
This is because variability in demand will likely influence the competitive 
dynamics in an industry. For example, high demand in a service will likely 
increase the competition intensity of the market. If potential open data 
innovators do not have sufficient information about demand, they may face 
difficulties in predicting the current and future competitive landscape.  
Therefore, it is expected that demand uncertainty will positively influence 
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competitive uncertainty with regard to open data innovation. Thus we 
hypothesize: 
H6: Demand uncertainty is positively related to competitive uncertainty 
Data uncertainty 
Data uncertainty relates to the data assets that public agencies make available 
through open data initiatives and is a new construct that we conceptualized 
specific to this context. As service innovation with open data will rely on the 
released data to a great extent, various aspects of data provision and data 
characteristics will be of concern to potential innovators (Robinson et al. 2009). 
Past literature on open data has suggested that data openness is guided through 
a list of principles (Sunlight Foundation 2010). In particular, data accessibility, 
data availability, data quality, and usage cost, have been identified as important 
characteristics of data openness (Sunlight Foundation 2010). First, uncertainty 
about the ease with which data can be obtained i.e., data accessibility, is 
expected to be important to potential innovators as barriers to data access (e.g., 
accessible only through submitted forms) can hinder innovation. Second, the 
availability of data is an essential component of open data as potential 
innovators may be concerned if there will be consistent release data updates 
(e.g., timeliness). In addition, uncertainty about the data quality (e.g., 
completeness, machine readability, primacy) is also expected to be important 
for potential innovators. Last, future imposition of costs for access to data by 
public organizations will be of concern to potential innovators, as it may affect 
their business model. Therefore, we expect that when potential open data 
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innovators perceive high data uncertainty, it will likely lead to high levels of 
perceived risk in innovating with open data. Thus, we hypothesize: 
H7: Data uncertainty is positively related to perceived risk of innovating 
Although we propose that technological uncertainty and demand uncertainty 
may have an influence on competitive uncertainty, we do not find it suitable to 
do the same for financial uncertainty and data uncertainty. In the case of 
financial uncertainty, partial information regarding availability of capital and 
potential financial returns will neither affect one’s ability to predict competition 
intensity nor the actions of competitors. For example, an inability to predict 
availability of capital may be due to a personal lack of connectedness with 
potential sources e.g., venture capitalists, which will bear no relation to 
understanding the competitive dynamics of those who are developing new 
services with open data. In the same vein, although the actions of public 
agencies regarding data release can impact open data innovation, one’s data 
uncertainty perception will unlikely affect competitive uncertainty. For example, 
difficulty in predicting if public agencies will impose costs for access of data in 
the future is unlikely to influence uncertainty about competitors offering similar 
new services.  
3.3.2 Psychological Variables 
Risk taking propensity  
Risk taking propensity refers to an individual's current tendency to take chances 
(e.g., risk of failure) with respect to open data innovation (adapted from Sitkin 
and Weingart 1995). Existing literature studying the relationship between risk 
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taking propensity and risk perceptions has generally found a negative 
relationship between the two (e.g., Cho and Lee 2006; Keil et al. 2000). When 
one has a high propensity for risk taking, the individual is expected to perceive 
situations to be less risky than another individual with lower risk taking 
propensity. The reverse is also expected to be valid as people who are risk-
averse will generally perceive situations to be riskier than the actual risk level. 
Thus, we expect potential innovators with higher risk taking propensity to 
perceive the risks of innovating with open data to be lower. Thus, we 
hypothesize: 
H8: Risk taking propensity is negatively related to perceived risk of innovating 
Innovativeness  
Innovativeness refers to an individual’s tendency to be creative in thought and 
action, have a preference for novel solutions, and appreciation for original ideas 
(Mueller and Thomas 2001). The variable has been used frequently in IS 
literature to explain individual intention to try or experiment with new systems 
(Zarmpou et al. 2012). When individuals are inclined to experiment with new 
ideas and technology, they tend to regard risky or uncertain situations as less 
troublesome, and have higher intention to search for new solutions for problems 
(Lumpkin and Dess 1996). In the same vein, we can expect that potential 
innovators with high levels of personal innovativeness will have a higher 
intention towards creating new services with open data. Thus, we hypothesize: 
H9: Innovativeness is positively related to intention to innovate with open data 
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3.3.3 Dependent Variable 
The literature on risk-taking suggests that when individuals perceive that a 
particular situation is risky, it will negatively influence their intention to 
perform the behaviour (Keil et al. 2000; Sitkin and Weingart 1995). For 
example, Nicolaou and McKnight (2006) found that high perceived risk led to 
negative intentions to use interorganizational data exchanges. Cocosila et al. 
(2009) showed that risk perceptions lowered the utilitarian value of wireless text 
messaging on cell phones for healthcare purposes, which negatively impacts 
adoption intentions. Consistent with this logic, we expect that potential 
innovators’ intention to innovate will be negatively affected by their perceived 
risk of innovating. Thus we hypothesize: 
H10: Perceived risk of innovating is negatively related to intention to innovate 
with open data 
 
We further suggest that innovativeness can moderate the relationship between 
perceived risk of innovating and the intention to innovate. Individuals with high 
innovativeness are more open to experimentation and may have the interest to 
create services in new ways. In addition, they have a tendency to discount 
possible constraints (Mueller and Thomas, 2001). Therefore, in the open data 
innovation context, it is likely that despite higher level of perceived risk, 
potential innovators will maintain their intention to innovate with open data. In 
contrast, if individuals have low innovativeness, the negative relationship 
between risk perception and intention to innovate is expected to be stronger. 
Thus, we hypothesize: 
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H11: The relationship between perceived risk of innovating and the intention to 
innovate with open data will be weakened when innovativeness is high 
3.3.4 Control Variables 
We control for additional factors that may have an effect on intention to 
innovate with open data. First, similar to open source software developers (Wu 
et al., 2007), individual enjoyment in contributing to society is likely to have a 
positive effect on intention to innovate due to the satisfaction of conscience by 
“doing the right thing”. Second, individuals may innovate with open data to 
satisfy a personal need that is not currently fulfilled in the market. When 
available products and services in the market do not meet the needs of 
individuals, their dissatisfaction can be a driving force for innovators to seek a 
solution (Franke et al. 2006). Third, we include internal locus of control as 
discussed earlier. Other entrepreneur-specific control variables that have been 
mentioned in the entrepreneurship literature including age, gender, educational 
qualification, and income (Cassar 2014). Programming experience of the 
individual is also included as it may influence participation in IT innovation 
(Roberts et al. 2006).  
3.4 Research Methodology 
3.4.1 Operationalization of Constructs 
To validate the hypotheses, the survey methodology was used to collect data. 
As a salient quantitative data collection method, the survey method allows 
researchers to establish generalizability by examining characteristics common 
across a sample of the targeted population (Creswell 2009). In addition, it also 
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allows for replicability and has statistical power (Dooley 2001). We adhered to 
the procedures as elaborated in DeVellis (2003) to develop the survey 
instrument. First, as much as possible, we adapted measures that had been 
validated in prior studies to fit into our study context. Additional items were 
created if necessary based on the construct’s conceptualization. Second, for 
conceptual validation, we performed the two-stage sorting procedure 
recommended by Moore and Benbasat (1991) for items refinement. Four 
graduate students participated in the first round of unlabelled sorting, followed 
by a second round of labelled sorting conducted with a separate group of four 
graduate students. For both rounds, the hit ratio, raw agreement, and Kappa 
scores exceed the recommended score of 0.65 (Moore and Benbasat 1991). 
Third, a pilot study was conducted with 91 working IT professionals pursuing a 
Master’s degree in a large public university to assess the validity and reliability 
of the instruments and to identify refinements. 
The operationalization of items is an outcome of these three procedures (see 
Appendix E, Table E.2. for a full list of items). All subjective measures were 
rated on seven-point likert scales anchored by strongly disagree (1) to strongly 
agree (7). In this study, we employ both formative and reflective constructs to 
ensure methodological soundness (Jarvis et al. 2003). The reflective constructs 
in our model include first-order constructs of financial uncertainty (availability 
of capital and financial returns), first-order constructs of technological 
uncertainty (novelty and technological turbulence), competitive uncertainty, 
demand uncertainty, data uncertainty, perceived risk of innovating, 
innovativeness, risk-taking propensity, and intention to innovate with open data. 
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The formative constructs are financial and technological uncertainty each with 
two dimensions. 
Financial uncertainty 
This construct is operationalized as a second-order formative construct 
consisting of two first-order reflective constructs i.e., availability of capital and 
financial returns. Items measuring availability of capital were adapted from 
Matthews and Human (2004) and Yusuf (2002), while the items for expected 
returns on investment from the innovation were adapted from Cocosila et al. 
(2009) and Gerwin (1988).  
Technological uncertainty 
Technological uncertainty is operationalized as a second-order formative 
construct with two first-order reflective constructs i.e., novelty and 
technological turbulence. Each first-order construct was measured with three 
items adapted from Chen et al. (2005) and Song and Montoya-Weiss (2001) 
respectively. The items for novelty measure whether the potential innovator is 
unfamiliar with the technology required for innovation development and the 
development process. The second aspect is technological turbulence that is 
measured by asking respondents about their perception of the rate of change in 
the technology used to develop the service and the technology used for the 
delivery of the service (Song and Montoya-Weiss, 2001). 
Data uncertainty 
Data uncertainty relates to the data assets that public agencies make available 
through open data initiatives and is a new construct that we conceptualized 
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specific to this context. The construct measures four important characteristics 
of data openness i.e., data availability, data accessibility, data quality, and usage 
cost (Sunlight Foundation 2010). Items for this construct are self-developed 
based on the four characteristics. 
Demand uncertainty 
The items for demand uncertainty are adapted from Atuahene-Gima and Li 
(2004). The construct was measured by asking respondents what they perceive 
is the rate of change in demand of the service, service preferences, and 
emergence of new user segments. Further, we added a new item to ask if it is 
difficult to predict what features within the service will be sought after by users.  
Competitive uncertainty 
Items assessing competitive uncertainty were adapted from Marino et al. (2008) 
and Vijayasarathy (2010). The construct was measured by asking respondents 
if it is difficult to predict if there will be new entrants who can provide similar 
services, and if existing competitors will do the same. In addition, an item was 
self-developed to measure the unpredictability whether competitors will offer 
similar new services. 
Perceived risk of innovating 
Perceived risk of innovating refers to the potential innovator’s assessment of the 
risk when contemplating the decision to innovate with open data. Items for this 
construct were adapted from Keil et al. (2000), Nicolaou and McKnight (2006), 
and Sitkin and Weingart (1995). They assess the extent that respondents 
perceive the level of risk in innovating with open data, and whether they 
perceive innovating as a threat or an extremely negative situation.   
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Risk taking propensity 
Items reflecting risk taking propensity as a psychological variable were adapted 
from Xue et al. (2011) and Keil et al. (2010). Risk taking propensity was 
measured by asking respondents about their risk-taking tendencies in the area 
of open data, and how they rate their risk taking tendency in comparison to other 
individuals. 
Innovativeness 
Innovativeness is a psychological variable and was measured by four items from 
the Jackson Personality Inventory (Jackson, 1994). The items assess the 
individual’s tendency to be creative in thought and action, which indicate an 
inclination for novel ways of solving existing problems.  
Intention to innovate with open data 
For measuring the intention of innovators to develop new services with open 
data, all items were adapted from Venkatesh et al. (2012). The items ask 
respondents if they have planned to or are considering innovating with open 
data. 
Internal locus of control 
All items used to measure internal locus of control were adapted from Mueller 
and Thomas (2001), who developed their scale based on an original 29-item 
Rotter I-E scale (Rotter, 1966). The Rotter I-E scale has been widely used in 
different disciplines and was designed to measure respondents’ perceived 




To measure personal need, the items are adapted from Franke et al. (2006). 
Personal need in our context reflects the inability of current government services 
to fulfil the needs of the individual. Respondents are asked to assess the extent 
that they have needs that are not addressed by current solutions available in the 
market. 
Enjoyment in contributing to society 
All items measuring enjoyment in contributing to society are adapted from the 
altruism measure in Kankanhalli et al. (2005). The items measure the innovators’ 
perception about the satisfaction they will enjoy by innovating with open data. 
Other controls 
As per the entrepreneurship literature, we measured age, gender, educational 
qualification, and income (Cassar 2014). In addition, we measured 
programming experience in terms of years.  
3.4.2 Conceptual Validation 
For conceptual validation of the scales, we assessed this using the sorting 
procedures proposed by Moore and Benbasat (1991). The procedure involves 
two rounds of sorting with four judges each. Judges performed unlabelled 
sorting for the first round. Each measure was printed on a 3” by 5” card and the 
cards were all randomly sorted before passing them to the judges. Prior to 
sorting, judges were briefed on the purpose of the exercise and what the study 
is about. Without the construct names and definitions given, the judges were 
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requested to sort the items based on their own interpretation, and provide a 
suitable construct name for each group of items. After this, comments and 
feedback about the phrasing and content of the items were solicited for possible 
refinements. The second round of sorting involves labelled sorting, where a 
separate group of 4 judges are provided with the construct names and definitions 
to place the items in. An “other” category was also created to avoid situations 
where items are forced into a particular category. The results for both rounds of 
sorting are shown in Table 3.3. 
From the results of each sorting exercise, the reliability of scales was assessed 
with raw agreement score and Cohen’s Kappa for each pair of judges (Cohen, 
1960). As an indicator of the item validity and categorization reliability, the hit 
ratio or the percentage of items placed correctly in the targeted construct is 
calculated as suggested by Moore and Benbasat (1991). It is recommended that 
all scores exceed 0.65 (Moore and Benbasat, 1991). For the first round of sorting, 
the raw agreement and Kappa scores averaged 0.97, and the item placement 
ratio averaged 0.98 (see Table 3.3). In addition, the constructs labels provided 
by the judges are generally similar to the target constructs (see Appendix E, 
Table E.1). Based on the results and feedback from the judges, several items 
were slightly modified. For example, PRI1 (“I believe that innovating with open 
data will have a low probability of success”) was placed under the financial 
returns sub-dimension of financial uncertainty. After clarifying with the judges, 
they commented that they placed it there because they attributed success to 
financial returns. Therefore, the item was modified to “I believe that creating 
services with open data is risky”.  
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Table 3.3: Results of Conceptual Validation 
 Unlabelled Labelled 
Raw Agreement 
Judges A and B 0.95 0.95 
Judges A and C 0.95 0.95 
Judges A and D 0.95 0.95 
Judges B and C 1.00 1.00 
Judges B and D 1.00 1.00 
Judges C and D 1.00 1.00 
Average 0.97 0.97 
Cohen’s Kappa   
Judges A and B 0.95 0.95 
Judges A and C 0.95 0.95 
Judges A and D 0.95 0.95 
Judges B and C 1.00 1.00 
Judges B and D 1.00 1.00 
Judges C and D 1.00 1.00 
Average 0.97 0.97 
Item Placement Ratio 
Financial uncertainty 
Availability of capital 1.00 0.90 
Financial returns 1.00 1.00 
Technological 
uncertainty 




Competitive uncertainty 1.00 1.00 
Demand uncertainty 1.00 1.00 
Data uncertainty 1.00 1.00 
Perceived risk of innovating 0.81 0.87 
Risk-taking propensity 1.00 1.00 
Internal locus of control 1.00 1.00 
Innovativeness 0.94 1.00 
Intention to innovate 1.00 1.00 
Average 0.98 0.98 
 
After the relevant items were modified, the second round of labelled sorting was 
conducted with a separate group of judges. The results were generally 
favourable, with raw agreement and Kappa scores averaging 0.97. The item 
placement ratio was 0.98 (see Table 3.3).    
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3.4.3 Singapore Context 
Singapore has been identified by a number of independent organizations as a 
pioneer in e-government adoption (Accenture 2007; United Nations 2012), 
earning third and first place in global e-government rankings in 2005 and 2007 
respectively (Accenture 2005; 2007). Moreover, Singapore has topped the 
international e-government rankings for five consecutive years from 2009 to 
2013, which was conducted by Waseda University’s Institute of E-government 
(Waseda University 2013). As an exemplary e-government adopter, the 
government has been experimenting with various ways to increase public 
participation and engagement. An example is the launch of the government’s 
consultation portal (REACH) to allow public agencies to gather and gauge 
ground sentiments regarding government policies. To further promote public 
participation in the value co-creation process, the government launched the 
data.gov.sg portal on 20 June 2011 with over 5000 datasets from 50 government 
ministries and agencies. By start of 2014, the portal has grown to host over 8800 
datasets from 69 agencies (see Appendix B, Table B.1, for a list of government 
agencies listed in the data.gov.sg portal and the number of datasets released by 
each agency). One of the sections in the portal is an application showcase, which 
allows innovators to submit their created services with open data for publicity. 
By start of 2014, 75 of such services have been submitted by the public (see 
Appendix B, Table B.2). 
3.4.4 Pilot Study 
A pilot study was conducted to assess the validity and reliability of the 
instruments and to identify refinements. As the target audience for our pilot 
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study is potential candidates for innovators of open data who should have some 
IT skills, we solicited the participation from a convenience sample of working 
IT professionals pursuing a part-time Master’s degree in a large public 
university. An invitation email was sent to each student pursuing the degree, 
where they were asked to reserve a timeslot to complete a copy of the paper 
survey. As a token of appreciation, participants were given $10 on completion 
of the survey. Overall, we received responses from 91 participants. 
Demographic information of the respondents is shown in Table F.1 of Appendix 
F. 
3.4.5 Results of Pilot Study  
For the analysis of the reflective constructs in our model, reliability and 
convergent validity were assessed with Cronbach’s Alpha, average variance 
extracted, and composite reliability tests. The Cronbach’s Alphas for every 
construct (see Table F.2 in Appendix F) exceeded the recommended level of 
0.70 (Nunnally 1978). Further, it was observed that availability of capital (AOC) 
and internal locus of control (LOC) could have higher reliability by deleting 
items. We chose to retain the items for the constructs as the improvement in 
Cronbach’s Alpha was marginal and the item loadings were reasonable.   
Convergent validity was assessed using AVE and factor analysis as suggested 
in Gefen and Straub (2005). All AVEs were above the required value of 0.5 
(Chin et al., 2003) except for personal need (PEN). Specifically, PEN4 had a 
negative loading (-0.38). Closer examination revealed that it could be caused by 
a double-negative in the item (“cannot be met without”). Since this item may 
confuse subsequent respondents, we decided to refine the item. Besides this, all 
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items loaded reasonably highly on their target constructs but not on other 
constructs.  
Besides assessing convergent validity, discriminant validity was evaluated to 
ensure that items are not loading on unintended constructs. Based on the factor 
analysis results (Table F.3 in Appendix F), cross-loadings of items was not an 
issue. However, perceived risk of innovation loaded into two separate constructs 
with two items each (PRI1 with PRI2, and PRI3 with PRI4). To rectify this issue, 
we refined the item for PRI3 and PRI4 to align with the other items.  
Discriminant validity of constructs was also assessed by comparing AVEs and 
construct correlations (Gefen and Straub, 2005). The results indicate that the 
root of AVE from each factor (diagonal terms in Table F.4 in Appendix F) 
exceeds all construct correlations. This suggests that measures of each construct 
correlated more highly with their own items than with items measuring other 
constructs. Therefore, discriminant validity was found to be adequate.  
In our study, we modelled financial uncertainty and technological uncertainty 
as second-order formative constructs. Financial uncertainty is modelled as a 
second-order formative construct with availability of capital and financial 
returns as its underlying dimensions. The technological uncertainty second-
order formative construct consists of two first-order reflective constructs i.e., 
novelty and technological turbulence. Formative constructs can be assessed 
based on the weights of the measures to represent the relative importance of the 
measures in forming the respective formative constructs (Petter et al., 2007). 
The results in Table F.2 in Appendix F show all the first-order dimensions of 
the three second-order formative constructs had positive and significant weights, 
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indicating adequate content validity. The final list of items comprising each 
scale is shown in Table E.2 of Appendix E. 
3.4.6 Full-Scale Survey Data Collection 
As there are very few individuals who have innovated with open data, we 
collected primary survey data from potential candidates of open data innovation 
through several means from February to June 2013. We wanted to target those 
individuals who have not yet innovated with open data but would have qualified 
to do so if they wanted to. The high proportion of unique individuals innovating 
with open data (54.4%) as compared to unique organizations (37.3%) motivated 
our focus on individuals for our survey3. For this purpose, we targeted three 
groups of individuals. First, we attended open data challenge competitions to 
encourage attendees to participate in our web-based survey. Second, we sent 
survey invitations via email to IT entrepreneurs. IT entrepreneurs were selected 
to be a part of our target sample because they may be receptive to innovate in 
the area of open data. These individuals were identified from a list of start-ups 
that have been co-funded by technology incubators and the National Research 
Foundation of Singapore. Third, creators of existing mobile applications from 
Singapore were included in our survey sample because the increasing use of 
mobile devices and services has been highlighted as a major driver for open data 
(Huijboom and Den Broek 2011). They were identified by keyword searches 
i.e., Singapore, in the various mobile application stores (e.g., Google Play Store). 
For invitations sent through email, we sent reminders four and eight weeks after 
                                                 
3 Out of 79 applications/services created from datasets in data.gov.sg, 43 were developed by 
individuals and 36 were developed by 28 unique organizations (see Appendix B, Table B.2.) 
110 
the initial invitation to encourage participation. To ensure that respondents were 
familiar with open data innovation, an introduction was provided at the front of 
the survey. In addition, we emphasized in the survey instructions that 
respondents are to fill up the survey in their individual capacity. Respondents 
were given a token payment of $10 each for their participation. 
Among the 453 invitations sent out to fill up our web-based survey, 144 
complete responses were received, yielding a response rate of 31.8%. Most of 
the respondents were males (77.1%) and in the age group of 26 to 29 years 
(46.5%). A large majority had a bachelor’s degree (77.1%), while some had a 
Master’s degree or a Ph.D. (11.1%) and a diploma (9.7%). Most respondents 
work in industries such as IT (59.0%), business (6.9%), and engineering (4.9%). 
On average, the respondents had 6 years of programming experience. 
Demographic information of the respondents is shown in Table 3.4. 
Table 3.4: Demographic Information (Full-Scale) 
Characteristic Freq. (n=144) Percent 
Gender 
Male 111 77.1 
Female 33 22.9 
Age 
17-21 4 2.8 
22-25 22 15.3 
26-29 67 46.5 
30-35 36 25.0 
>=35 15 10.4 
Educational Qualification 
Secondary School 1 0.7 
Junior College 2 1.4 
Diploma 14 9.7 
Degree (Bachelors) 111 77.1 
Degree (Masters/PhD) 16 11.1 
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Table 3.5: Demographic Information (Full-Scale) 
Industry 
Advertising 5 3.5 
Business 10 6.9 
Consulting 4 2.8 
Education/Training 4 2.8 
Engineering 7 4.9 
Finance/Banking/Insurance 3 2.1 
Government 5 3.5 
Healthcare 3 2.1 
Information Technology 85 59.0 
Telecommunications 5 3.5 
Others 13 9.0 
Firm Size 
1-4 employees 21 14.6 
5-9 employees 37 25.7 
10-19 employees 47 32.6 
20-99 employees 13 9.0 
100-499 employees 9 6.3 
500-9,999 employees 11 7.6 
10,000+ employees 3 2.1 
N/A 3 2.1 
Job Role 







Consultant/Manager/Developer 54 37.5 
Other 8 5.6 
Programming Experience 
<1 year 13 9.0 
1 – 5 years 59 41.0 
5-10 years 58 40.3 
>10 years 14 9.7 
Income 
<1,000 10 6.9 
1,001 to 2,000 4 2.8 
2,001 to 3,000 20 13.9 
3,001 to 4,000 51 35.4 
4,001 to 5,000 29 20.1 
5,001 to 6,000 19 13.2 
6,001 to 7,000 4 2.8 
>7,000 7 4.9 
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3.5 Data Analysis and Results 
3.5.1 Reliability and Validity 
To validate the measurement model, we evaluated the scales by assessing their 
reliability, convergent validity, and discriminant validity as suggested in Gefen 
and Straub (2005). For the analysis of the reflective constructs, reliability was 
assessed through Cronbach’s Alpha, composite reliability, and item loadings. 
The Cronbach’s Alphas (C.A.) and composite reliability (C.R.) for each 
construct (see Table 3.5) exceeded the recommended level of 0.70 (Nunnally 
1978). In addition, all item loadings were significant at 0.001 level (Chin et al. 
2003), indicating that all constructs had adequate reliability (see Table 3.5). 
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Table 3.6: Psychometric Properties of Reflective Constructs (Full-Scale) 
Construct Item Item 
Loading# 
Uncertainties 
Availability of capital (AOC) 




Financial returns (FIR) 










Technological turbulence (TUR) 




Competitive uncertainty (COU) 





Demand uncertainty (DEU) 





Data uncertainty (DAU) 





Risk Perception and Innovation Intention 
Intention to innovate (ITI) 




Perceived risk of innovation (PRI) 





#All item loadings are significant at p<0.001 (T=3.12); 
CA: Cronbach’s Alpha Coefficient; CR: Composite Reliability; AVE: Average 
Variance Extracted; 
*p < 0.05 (t=1.96) ; **p < 0.01 (t=2.58), ***p < 0.001 (t=3.3) 
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Construct Item Item 
Loading# 
Controls 
Enjoyment in contributing to society (ECS) 





Internal locus of control (LOC) 





Personal need (PEN) 





#All item loadings are significant at p<0.001 (T=3.12); 
CA: Cronbach’s Alpha Coefficient; CR: Composite Reliability; AVE: Average 
Variance Extracted; 
*p < 0.05 (t=1.96) ; **p < 0.01 (t=2.58), ***p < 0.001 (t=3.29) 
Convergent validity was assessed using Average Variance Extracted (AVE) and 
factor analysis with principal component analysis and varimax rotation. To 
ensure that convergent validity is not violated, items should load highly on their 
intended construct instead on other constructs, and their construct’s AVE should 
be above 0.5 (Chin et al. 2003). All AVEs were above the required threshold, 
and every item loaded reasonably highly on their target constructs. Therefore, 
convergent validity was considered to be adequate. Discriminant validity was 
evaluated by checking that items are not loading on unintended constructs. 
Based on the factor analysis results (see Table 3.6), cross-loadings of items was 
not an issue. Discriminant validity of constructs was also assessed by comparing 
AVEs and construct correlations (Gefen and Straub 2005). The results indicate 
that the root of AVE from each factor (diagonal terms in Table 3.7) exceeds all 
construct correlations. This suggests that measures of each construct correlated 
more highly with their own items than with items measuring other constructs. 
In addition, we assessed the variance inflation factor (VIF) values and found no 
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significant multicollinearity problems (VIF < 2.46) as our statistical output was 
below the recommended ceiling for VIF of 3.3 (Diamantopoulos and Siguaw 
2006). Therefore, discriminant validity was found to be adequate. 
To determine the number of factors to retain for our analysis, we used both the 
Kaiser eigenvalue criterion and the scree plot to facilitate our decision. Factor 
analysis yielded 12 components with eigenvalues above 1 that corresponded to 
most of the constructs proposed. The next two components corresponds to the 
technological turbulence (TUR) and availability of capital (AOC) constructs, 
which had eigenvalues of 0.91 and 0.88 respectively. However, an examination 
of the scree plot indicates that the graph of eigenvalues against all the factors 
begins to flatten from factor 15 onwards, which suggests that AOC and TUR 
can be retained for analysis. Moreover, as availability of capital and 
technological turbulence are important first-order constructs for financial 
uncertainty and technological uncertainty second-order constructs respectively 
based on the literature, we find it reasonable to accept the 14-factor solution. 
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Table 3.7: Factor Analysis of Reflective Constructs (Full-Scale) 
    FACTOR 
LOC DAU RTP PEN ECS PRI DEU COU FIR INN NOV ITI TUR AOC 
LOC1 0.79 0.06 0.22 0.09 0.22 -0.01 0.06 0.09 -0.06 0.22 0.06 0.04 -0.04 0.03 
LOC2 0.84 0.09 0.22 0.03 0.10 0.00 0.11 0.09 0.05 0.15 0.06 0.05 0.05 0.08 
LOC3 0.85 0.11 0.07 0.06 0.18 -0.09 0.10 -0.06 -0.03 0.12 0.02 0.08 0.14 0.07 
LOC4 0.79 -0.03 0.14 0.12 0.15 -0.02 0.03 0.01 -0.02 0.33 -0.07 0.06 0.03 0.05 
DAU1 0.08 0.84 0.02 0.10 0.12 0.13 0.06 0.15 0.12 0.05 -0.01 -0.07 -0.02 0.10 
DAU2 0.04 0.92 -0.02 0.13 -0.01 0.10 0.09 0.03 0.03 0.02 -0.01 -0.04 0.01 0.11 
DAU3 0.03 0.87 0.00 0.06 -0.06 0.14 0.19 0.12 0.12 0.01 -0.02 -0.05 -0.04 0.02 
DAU4 0.07 0.82 -0.06 0.03 -0.03 0.12 0.10 0.14 0.26 -0.03 -0.02 0.00 0.10 0.13 
RTP1 0.23 0.02 0.80 0.20 0.24 -0.10 0.07 0.00 -0.05 0.18 -0.02 0.18 -0.02 0.13 
RTP2 0.20 -0.08 0.80 0.19 0.18 -0.08 0.03 0.02 0.05 0.23 0.00 0.23 -0.08 0.13 
RTP3 0.12 -0.08 0.81 0.17 0.18 -0.07 0.02 0.01 -0.09 0.20 0.03 0.10 -0.04 0.05 
RTP4 0.20 0.07 0.78 0.09 0.17 -0.18 -0.03 0.04 0.14 0.22 -0.12 0.11 0.02 -0.04 
PEN1 0.14 0.10 0.19 0.77 0.13 0.02 0.09 0.02 0.02 0.08 -0.13 -0.01 0.11 -0.07 
PEN2 0.05 0.11 0.10 0.83 0.03 0.05 0.12 0.04 0.15 0.09 0.05 0.11 0.03 0.11 
PEN3 0.01 0.06 0.12 0.87 0.13 0.07 0.10 0.13 0.09 0.17 0.04 0.08 0.03 0.06 
PEN4 0.09 0.06 0.13 0.85 0.11 0.09 0.02 0.17 -0.04 0.12 0.04 0.13 0.04 0.09 
ECS1 0.21 -0.01 0.17 0.20 0.76 -0.11 -0.02 0.01 -0.13 0.24 -0.13 0.24 -0.06 0.00 
ECS2 0.18 0.02 0.23 0.23 0.78 -0.12 -0.04 0.01 -0.04 0.28 -0.10 0.25 -0.07 0.09 
ECS3 0.27 0.00 0.22 0.05 0.82 -0.16 -0.06 0.08 0.04 0.19 -0.08 0.08 0.03 0.10 
ECS4 0.22 0.00 0.29 0.10 0.76 -0.13 -0.14 0.13 0.02 0.23 0.00 0.14 -0.05 0.20 
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  FACTOR 
LOC DAU RTP PEN ECS PRI DEU COU FIR INN NOV ITI TUR AOC 
PRI1 -0.02 0.10 -0.12 0.19 -0.13 0.77 0.21 0.05 0.12 -0.11 0.18 -0.13 0.15 -0.05 
PRI2 -0.01 0.25 -0.12 0.09 -0.19 0.79 0.11 -0.01 0.18 0.00 0.11 -0.16 0.17 -0.01 
PRI3 -0.08 0.12 -0.10 -0.06 -0.09 0.84 0.06 0.00 0.21 -0.04 0.13 -0.13 0.05 0.08 
PRI4 -0.04 0.12 -0.06 0.07 -0.03 0.87 0.19 0.03 0.02 -0.09 0.02 -0.10 0.04 0.05 
DEU1 0.14 0.02 0.05 0.06 -0.04 0.17 0.82 0.21 0.02 0.05 0.03 0.00 0.12 0.09 
DEU2 0.08 0.21 -0.04 -0.03 -0.03 0.08 0.83 0.08 0.12 0.03 0.10 -0.03 0.07 0.07 
DEU3 0.08 0.14 0.03 0.17 -0.07 0.15 0.81 0.15 0.13 0.04 0.09 -0.01 0.13 0.02 
DEU4 -0.02 0.11 0.03 0.16 -0.05 0.13 0.81 0.23 0.12 -0.04 0.16 -0.06 0.04 0.13 
COU1 0.09 0.09 0.05 0.11 0.16 -0.03 0.21 0.71 0.24 0.04 0.10 0.02 0.20 0.11 
COU2 -0.02 0.12 -0.07 0.17 0.12 0.10 0.12 0.83 0.07 -0.02 0.05 0.04 0.14 -0.01 
COU3 0.06 0.13 0.08 0.09 0.02 -0.10 0.19 0.82 0.14 0.10 0.06 -0.01 0.11 0.17 
COU4 0.01 0.13 0.02 0.00 -0.09 0.07 0.17 0.86 0.07 -0.03 -0.07 0.01 0.06 0.13 
FIR1 -0.03 0.10 -0.01 0.07 0.09 0.22 0.07 0.09 0.76 -0.18 0.02 -0.04 0.04 0.28 
FIR2 -0.01 0.07 0.01 0.05 -0.08 0.10 0.17 0.08 0.85 0.06 0.11 -0.04 0.00 0.19 
FIR3 0.05 0.22 0.08 0.10 -0.10 0.08 0.09 0.27 0.71 0.09 0.10 -0.09 0.06 0.28 
FIR4 -0.06 0.24 -0.05 0.04 -0.01 0.15 0.08 0.13 0.79 0.00 -0.10 -0.07 0.23 0.15 
INN1 0.26 0.01 0.27 0.17 0.21 -0.10 0.07 -0.02 -0.05 0.78 0.03 0.16 0.00 0.06 
INN2 0.25 0.05 0.20 0.15 0.21 -0.07 -0.02 0.08 0.03 0.81 -0.04 0.11 0.12 -0.01 
INN3 0.30 0.03 0.29 0.15 0.32 -0.02 0.04 0.00 -0.09 0.68 -0.07 0.16 0.08 0.05 
INN4 0.35 0.00 0.29 0.19 0.23 -0.10 0.02 0.02 0.08 0.71 0.01 0.12 0.00 0.02 
NOV1 0.05 -0.04 -0.01 -0.06 -0.05 0.16 0.16 0.11 0.10 0.02 0.80 -0.12 0.19 -0.01 
NOV2 0.01 -0.02 -0.01 0.04 -0.08 0.03 0.13 0.00 0.03 -0.05 0.89 -0.03 0.25 0.01 
NOV3 0.00 0.00 -0.06 0.00 -0.07 0.15 0.04 -0.02 -0.04 -0.02 0.88 -0.04 0.24 -0.08 
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  FACTOR 
LOC DAU RTP PEN ECS PRI DEU COU FIR INN NOV ITI TUR AOC 
ITI1 0.05 -0.05 0.19 0.08 0.17 -0.13 -0.06 0.04 -0.09 0.08 -0.10 0.88 -0.03 -0.05 
ITI2 0.05 -0.05 0.17 0.15 0.11 -0.14 -0.05 0.00 -0.03 0.13 -0.03 0.90 -0.13 0.04 
ITI3 0.12 -0.07 0.13 0.08 0.20 -0.19 0.01 0.00 -0.06 0.18 -0.07 0.83 -0.06 -0.01 
TUR1 0.00 0.01 -0.06 0.07 -0.02 0.17 0.15 0.16 0.07 0.08 0.39 -0.12 0.79 -0.03 
TUR2 0.10 0.01 -0.02 0.09 -0.08 0.17 0.11 0.19 0.11 0.03 0.31 -0.09 0.83 0.09 
TUR3 0.11 0.03 -0.04 0.10 0.00 0.08 0.17 0.22 0.12 0.06 0.31 -0.05 0.78 0.04 
AOC1 0.00 0.11 0.05 0.11 0.25 0.06 0.10 0.11 0.24 -0.04 0.01 -0.04 0.02 0.80 
AOC2 0.16 0.15 0.10 0.03 0.03 -0.03 0.10 0.11 0.26 0.05 -0.06 -0.03 0.00 0.82 
AOC3 0.07 0.11 0.07 0.05 0.03 0.05 0.11 0.18 0.34 0.08 -0.03 0.07 0.07 0.76 
Eigenvalues 11.35 9.71 3.97 2.81 2.61 2.33 1.98 1.67 1.54 1.34 1.33 1.14 0.91 0.88 
Variance  21.82 18.67 7.63 5.4 5.02 4.48 3.8 3.22 2.95 2.58 2.57 2.19 1.75 1.68 
Cumulative 
Var. 
21.82 40.49 48.12 53.52 58.54 63.02 66.82 70.04 72.99 75.57 78.14 80.33 82.08 83.76 
AOC=Availability of Capital, FIR=Financial returns, NOV=Novelty, TUR=Technological turbulence, COU=Competitive uncertainty, DEU=Demand uncertainty DAU=Data 
uncertainty, PEN=Personal need, PRI=Perceived risk of innovating, ITI= Intention to innovate, INN=Innovativeness, ECS=Enjoyment in contributing to society, RTP=Risk 
taking propensity, LOC=Internal locus of control
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Table 3.8: Inter-Construct Correlation (Full-Scale) 
 
AOC FIR NOV TUR COU DEU DAU PEN PRI ITI INN RTP LOC ECS 
AOC 0.89                           
FIR 0.58 0.78                         
NOV -0.03 0.12 0.92                       
TUR 0.14 0.29 0.60 0.82                     
COU 0.35 0.38 0.12 0.38 0.87                   
DEU 0.29 0.34 0.27 0.37 0.43 0.88                 
DAU 0.32 0.39 0.01 0.12 0.31 0.33 0.91               
PEN 0.22 0.19 0.01 0.19 0.26 0.25 0.22 0.88             
PRI 0.12 0.37 0.30 0.35 0.13 0.37 0.33 0.13 0.89           
ITI 0.01 -0.17 -0.19 -0.20 0.02 -0.09 -0.12 0.23 -0.36 0.94         
INN 0.16 -0.01 -0.06 0.09 0.11 0.08 0.06 0.40 -0.20 0.40 0.91       
RTP 0.20 0.00 -0.10 -0.06 0.09 0.05 -0.01 0.39 -0.27 0.44 0.63 0.91     
LOC 0.21 0.01 0.02 0.14 0.13 0.18 0.14 0.26 -0.10 0.23 0.62 0.48 0.89   
ECS 0.25 -0.05 -0.20 -0.09 0.12 -0.09 0.01 0.34 -0.32 0.47 0.64 0.59 0.50 0.93 
 
Mean 5.07 5.22 4.12 4.67 5.27 4.96 5.35 4.60 4.44 3.80 5.18 4.49 5.52 5.01 
S.D. 0.95 1.13 1.43 1.22 0.93 0.96 0.99 1.11 1.16 1.42 1.03 1.15 0.97 1.13 
AOC=Availability of Capital, FIR=Financial returns, NOV=Novelty, TUR=Technological turbulence, COU=Competitive uncertainty, DEU=Demand uncertainty DAU=Data 
uncertainty, PEN=Personal need, PRI=Perceived risk of innovating, ITI= Intention to innovate, INN=Innovativeness, ECS=Enjoyment in contributing to society, RTP=Risk 
taking propensity, LOC=Internal locus of control  
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Unlike reflective constructs, formative constructs were assessed based on the 
weights of the measures to represent the relative importance of the measures in 
forming the respective formative constructs (Petter et al. 2007). The results (see 
Table 3.8) indicate that all the first-order dimensions of their respective second-
order formative construct had positive and significant weights, indicating 
adequate content validity. 
Table 3.9: Weights of Formative Measures 




Availability of capital 
(AOC) 
0.44*** 








*p < 0.05 (t=1.96) ; **p < 0.01 (t=2.58), ***p < 0.001 (t=3.3) 
As our study employed perceptual measures with a single data collection 
method, the issue of common method bias may inflate correlations and create 
collinearity concerns (Sharma et al. 2009). We used two methods to assess 
common method variance. First, the Harman’s one-factor test that involves 
entering all constructs into an unrotated principal components factor analysis 
and examining the resultant variance is used to examine the extent of the bias 
(Podsakoff et al. 2003). Our results show that no single factor accounted for 
more than 50% of variance (the highest was 21.82%), which suggest that the 
threat of common method variance is unlikely (Harman 1960). Second, we 
included a common method factor into the measurement model with the original 
latent variables and calculated the squared factor loadings for both the method 
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factor and the substantive factors as suggested in Liang et al. (2007). As shown 
in Appendix G., Table G.1, the average variance explained by the substantive 
factors was 0.903, while the average method-based variance was of a small 
magnitude (0.004) and most of the method factor loadings are not significant. 
Thus, these results show that common method bias is not a concern in our study. 
3.5.2 Hypotheses Tests 
We performed partial least squares with SmartPLS 2.0 to test the structural 
model as it is a suitable SEM technique for incorporating both formative and 
reflective constructs jointly in a single model (Petter et al. 2007). Bootstrapping 
with 288 samples was performed to test the statistical significance of path 
coefficients following Chin et al. (2003). A two-stage approach was taken for 
second-order constructs, which required the use of latent variable scores from 
the initial analysis of first-order constructs for higher-order construct 
representation. This approach is suitable for models with formative constructs 
(Diamantopoulos and Winklhofer 2001). The PLS results are shown in Figure 
3.2, including standardized path coefficients, their significance, and the amount 
of variance explained. Table 3.9 summarizes the results of hypotheses tests.
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Figure 3.2: Open Data External Innovator Model with PLS Results
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Perceived risk of innovating had a significant negative relationship with 
innovation intention i.e., H10 was supported. Aside from competitive 
uncertainty that was not related to perceived risk of innovating, i.e., H2 was not 
supported, all the other forms of uncertainty were found to significantly 
influence perceived risk of innovating positively, i.e., H1, H3, H5, H7 were 
supported. Both technological and demand uncertainty had significant positive 
effects on competitive uncertainty i.e., H4 and H6 were supported. Risk-taking 
propensity had a significant negative relationship with perceived risk of 
innovating i.e., H8 was supported. Innovativeness had no direct effect on 
innovation intention i.e., H9 was not supported. However, our results show that 
innovativeness had a significant positive moderating influence on the 
relationship between risk perception and innovation intention i.e., H11 was 
supported. Overall, 9 out of 11 hypotheses were supported. The model 
explained 36% of variance in perceived risk of innovating, and 38% of variance 
in the dependent variable, intention to innovate with open data.  
We evaluated the effect of several control variables on the intention to innovate 
with open data. The results indicated that besides enjoyment in contributing to 
society which had a significant positive effect on innovation intention, none of 
the other control variables had significant impacts. The variance explained by 
the control variables is 24.5%. 
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Table 3.10: Results of Hypothesis Testing 
Relationships Path Coefficient T-Value Result 
Perceived risk of innovating -> Intention to innovate with open data -0.34*** 4.15 H10 supported 
Uncertainties 
Financial -> Perceived risk of innovating 0.18* 2.14 H1 supported 
Competitive -> Perceived risk of innovating -0.17 1.78 H2 not supported  
Technological -> Perceived risk of innovating 0.27*** 3.88 H3 supported 
Technological -> Competitive 0.17* 2.13 H4 supported 
Demand -> Perceived risk of innovating 0.22* 2.03 H5 supported 
Demand -> Competitive 0.38*** 4.33 H6 supported 
Data -> Perceived risk of innovating 0.23* 2.25 H7 supported 
Psychological Variables 
Risk-taking propensity -> Perceived risk of innovating -0.26** 3.51 H8 supported 
Innovativeness -> Intention to innovate with open data  0.11 1.04 H9 not supported 
Innovativeness * Perceived risk of innovating 0.26*** 3.41 H11 supported 
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Table 3.9: Results of Hypothesis Testing 
 Relationships Path Coefficient T-Value Result 
Controls 
Age -> Intention to innovate with open data 0.01 0.09 Non-significant 
Programming experience -> Intention to innovate with open data -0.03 0.28 Non-significant 
Enjoyment in contributing to society -> Intention to innovate with open data 0.28** 2.27 Significant 
Gender -> Intention to innovate with open data 0.08 0.32 Non-significant 
Income -> Intention to innovate with open data -0.02 0.20 Non-significant 
Internal locus of control -> Intention to innovate with open data -0.07 0.60 Non-significant 
Personal need -> Intention to innovate with open data 0.11 0.91 Non-significant 
Educational qualification -> Intention to innovate with open data 0.08 0.77 Non-significant 
*Significant at p<0.05;**p<0.01;***p<0.001  
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3.5.3 Post-hoc Analysis 
A post-hoc analysis was conducted to evaluate whether perceived risk of 
innovation mediated the effects of the four types of uncertainty that displayed 
significant relationships (i.e., financial, technological, demand, and data) on the 
intention to innovate. We also assessed the mediating effect of perceived risk 
for risk taking propensity. Mediation tests were conducted with the Sobel test, 
Aroian’s test, and Goodman’s test as recommended by Edwards and Lambert 
(2007). Mediation is significant if at least two of the three test statistics are 
significant (see Table 3.10). The results show that the effects of financial, 
technological, demand, and data uncertainty on intention to innovate were fully 
mediated by perceived risk of innovating with open data. We also found that 
perceived risk fully mediated the effect of risk-taking propensity on innovation 
intention. These support the model in that direct effects of these variables were 
not hypothesized. 









2.73* 2.69* 2.77* 
Technological 
Uncertainty 
2.95* 2.91* 2.99* 
Demand Uncertainty 3.23* 3.20* 3.27* 
Data Uncertainty 2.93* 2.89* 2.97* 
Risk-taking 
Propensity 
2.37* 2.32* 2.42* 
*Mediation is significant at p<0.05 
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3.6 Discussion and Implications 
3.6.1 Discussion of Findings 
The first objective of this study was to identify the different types of uncertainty 
that are antecedents for perceived risk of innovating with open data. We found 
that financial, technological, demand, and data uncertainty had significant 
positive effects on the risk perceptions. However, we did not find a significant 
relationship for competitive uncertainty. A possible explanation is that the 
release of data from several different public organizations offers abundance of 
opportunities for potential innovators to work on. In a scenario where a market 
is unsaturated, there could be room for the entry of players into the market 
without having to compete intently with each other (Porter 1991). Although the 
open data initiative in the country of study was launched approximately three 
years ago before our study, there have been very few new and unique services 
that are created with these released datasets. This may suggest that a myriad of 
opportunities with open data remain untapped, which may explain why potential 
candidates for open data innovation do not perceive competition to be a threat, 
which will correspondingly not influence their risk perception of innovating 
with open data.  
In addition to the direct effects from the different types of uncertainty to risk 
perception, we found that both technological and demand uncertainty were 
significant determinants of competitive uncertainty. These findings reveal that 
although uncertainty types are distinct, some forms can exert an influence over 
others.  
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The second objective of this study involved identifying commonly studied 
psychological variables that can affect open data innovation. Conceptualized as 
a behavioural tendency, we found that risk-taking propensity was a significant 
determinant of perceived risk of innovation. Further, we found that the effect of 
perceived risk on innovation intention is moderated by the innovativeness of the 
individual. Specifically, the perceived risk to intention negative relationship is 
strongest for individuals with low innovativeness, and is the weakest when one 
has high innovativeness. Although the moderating effect of innovativeness was 
significant, the direct effect of innovativeness on innovation intention was not 
significant. A possible explanation is that individual innovativeness in general 
is not a sufficient condition to directly lead to increased intention to innovate.  
3.6.2 Implications for Theory and Research 
This study contributes to open data research by examining the open data 
phenomenon from the demand side. Despite the importance of external 
stakeholders in open data initiatives, there is a lack of research examining the 
issues hindering innovation intentions. With a lack of theoretically grounded 
and empirically validated studies in existing literature, our study contributes to 
research in this area. By applying the risk-taking perspective, our study explains 
that potential innovators’ risk perception is a significant determinant of open 
data innovation intention. Further, our study indicates that risk taking propensity 
as a behavioral tendency negatively influences risk perceptions. Although other 
studies have demonstrated support for this perspective in other contexts (e.g., 
IT project escalation in Keil et al. 2000; consumer purchase behaviour in online 
auctions in Xu et al. 2010), this study extends the theory by examining its 
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usefulness in an innovation decision situation, and specifically in the open data 
context. 
Besides applying the risk-taking perspective to explain open data innovation 
intention, we extend the theory by suggesting the role of uncertainty in 
influencing risk perceptions. Although uncertainty is commonly recognized to 
be inherent in innovation (Jalonen and Lehtonen 2011; York and Venkataraman 
2010), the literature has not examined the influence of uncertainty on innovation 
intentions through risk perceptions. Our findings further indicate that the 
different types of uncertainty are antecedents of risk perception. Additionally, 
we identified the different uncertainty dimensions from the entrepreneurship 
literature, and evaluated their effects on risk perception regarding open data 
innovation. Specifically, financial, technological, and demand uncertainty were 
found relevant to the open data context. Besides contributing to open data 
research by examining the effects of the different types of uncertainty in our 
study context, we proposed and validated a new form of uncertainty i.e., data 
uncertainty, as a unique and salient type influencing open data innovation risk 
perception that will not be applicable to the innovation context in general.  
Further, we reviewed the entrepreneurship literature to identify the commonly 
studied psychological variables influencing innovation behaviour. Besides risk 
taking propensity, we found that innovativeness and internal locus of control 
had no direct influence on open data innovation intention. This is in contrast 
with several studies showing that innovators tend to demonstrate high internal 
locus of control and have innovative characteristics (e.g., Schreier and Prugl 
2008; Rauch and Frese 2007; Zhao and Seibert 2006). However, we found 
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support for the moderating effect of innovativeness on the risk perception and 
intention relationship, which suggests a contingent effect.  
3.6.3 Implications for Practice 
The findings from this study suggest that an important reason for a lack of 
interest in open data innovation from external stakeholders is due to perceived 
risk of innovation. However, this effect can be reduced if public agencies target 
external stakeholders with high innovativeness. Our results also suggest that 
public agencies should seek out individuals with higher risk-taking propensity, 
as it leads to higher innovation intentions due to lower risk perceptions. These 
findings suggest that public organizations should reach out to individuals with 
high innovativeness and risk taking propensity to encourage the creation of new 
services with open data. A way to extend their reach will be to engage external 
stakeholders who are currently involved in IT innovation activities. These may 
include IT entrepreneurs such as those who have developed and launched 
mobile applications, as they are more familiar with mobile development, and 
may be inclined to take risk.  
Additionally, a way to enhance innovation intention is to encourage external 
stakeholders who intrinsically enjoy contributing to the society to innovate with 
open data. Public organizations can attempt to promote innovation intentions by 
regularly promoting created services to raise awareness amongst the public. By 
helping to generate public interest towards these externally-created services, 
this can serve as a way to enhance the potential enjoyment that innovators will 
receive. 
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Apart from establishing that risk perceptions of open data innovation can reduce 
innovation intentions, our results highlight the different types of uncertainties 
that influence risk perceptions that public organizations can try to mitigate. For 
example, public agencies can play a salient role to reduce potential innovators’ 
financial uncertainty to encourage innovation (Gumusluoglu and Ilsev 2009). 
In particular, as potential innovators may be extrinsically motivated (Nambisan 
and Baron 2009), financial assistance avenues in the form of connecting 
potential innovators with venture capitalists (Santos et al. 2011) can help relieve 
initial financial challenges. To reduce technological uncertainty, the release of 
toolkits such as an application programming interfaces (API) by public 
organizations can facilitate users to make better sense of the vast amounts of 
data released, and ease the development effort required for innovation 
(DiFranzo et al. 2011).  
To ease demand uncertainty, public organizations can facilitate identifying the 
type of services that are in demand from the public. This may be carried out in 
the form of idea competitions where the public can submit ideas, have their 
ideas voted by others, and be rewarded for the best and most popular idea. 
Potential innovators will then be able to gauge interest based on the ideas’ 
popularity. Further, to help alleviate concerns regarding data uncertainty, public 
organizations can strive to abide by the open data principles. These principles 
have been suggested by both researchers and practitioners as a way to evaluate 
the extent to which public agency data is open and accessible to the public. The 
principles include the need for data to be complete, primary, timely, and 
machine processable (Open Government Working Group 2007; Robinson et al. 
2009; Sunlight Foundation 2010).  
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3.6.4 Limitations and Future Research 
The findings of this study must be interpreted in light of its limitations. First, as 
our data was collected through a cross-sectional survey, the posited causal 
relationships could only be inferred, even though theorizing is based on a 
generally well accepted theory and prior empirical studies. The collection of 
longitudinal data will be useful in future research to assess the causal validity 
for the relationships in our model.  
Second, a limitation of our study is that it only focuses on potential innovators’ 
intention rather than their actual behaviour. However, we contend that focusing 
on potential innovators is appropriate, given that the open data phenomenon is 
still in its infancy, where public agencies are starting to release their data to the 
public. When the interest from the demand side gains upward momentum, future 
studies can seek to evaluate the relationship between intention and actual 
behaviour. 
Third, the data for our study was obtained from primary sources by means of a 
survey questionnaire. Although most of the variables of interest necessitate 
perceptual measures (e.g., uncertainty and risk perceptions), future studies can 
use secondary data to further shed light on the individuals who have a higher 
likelihood of innovating with open data. For example, when open data 
innovation increases in popularity, investigating the motivations of these 
innovators may reveal more reasons for their inclination to participate in open 
data innovation. 
Fourth, there is a possibility that alternative explanations can influence the 
usage of shared data by potential innovators, beyond those identified from the 
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literature and controlled for in the research model. For example, even though 
the idea of open data is that data is directly assessed from the agency for free, 
the value of public data may only be realized by the work of data aggregators, 
which can grant a price premium. With the added cost of obtaining data from 
value-added sources, this can potentially reduce interest in open data innovation. 
Future studies can seek to investigate more influencing factors of open data 
innovation.   
Fifth, the sampling frame of our study consisted of individuals who are in 
general more interested in entrepreneurship and innovation, whom may not be 
representative of the general population. The collection of data from a wider 
group of individuals such as IT professionals will be useful to extend 





Traditionally, public agencies embarked on innovation initiatives internally, 
either by themselves or by engaging contractors to fulfil a technology 
requirement. In recent times, various developments have prompted public 
agencies to explore new ways for them to innovate and meet the needs of the 
public. One such avenue is the increasing emphasis on the notion of openness 
in the innovation process, which originated from the private sector and is 
gaining interest within the public sector (Bommert 2010; Assar et al. 2011). This 
is in view of the increased mobility of knowledge workers, the development of 
new financial structures, and the array of external knowledge available for 
innovation.  
As a step towards the open innovation paradigm from the traditional model of 
innovation, public agencies are seeking to leverage the concept of openness by 
tapping the expertise of the public. Moreover, with the rise of an internet-savvy 
society enabled by Web 2.0 tools supporting online collaboration and user-
generated content, public agencies are well positioned to engage their external 
stakeholders for the innovation of public service as the public are more willing 
to interact with these agencies online (Chang and Kannan 2008). Open data 
initiatives represent efforts to enhance public services by improving stakeholder 
innovation, engagement, and participation.  
However, even though open data initiatives are gaining attention from public 
sector organizations, research on this phenomenon is rarely theoretically 
grounded and empirically validated. Moreover, limited research has analysed 
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open data through the perspectives of public agencies or their external 
stakeholders.  
By allowing public access to raw datasets through open data initiatives, public 
sector organizations can potentially reap the benefits of the vast array of 
resources that reside in their environment. However, many public agencies are 
still not sharing or sharing limited data with the public (Janssen et al. 2012). 
This raises the question about the reasons behind public agencies open data 
sharing behaviour. In response to this gap, we propose that as the public sector 
is susceptible to resource constraints for innovation of their services, it warrants 
investigation on whether public agencies’ resource dependencies are drivers for 
their intention to share data.  
Further, while several studies have highlighted the opportunities afforded by 
open data to potential innovators (e.g., Chan 2013), it appears that there has not 
been much interest from external parties to engage in open data innovation 
(Peled 2011; Halonen 2012). This highlights a need to understand the reasons 
behind the intention to innovate with open data. We propose that a possible 
reason for the lack of interest in innovating with open data is the perception of 
innovation uncertainty and risk. In particular, as innovation implies 
operationalizing a new idea, various kinds of uncertainty e.g., technological, 
market (Jalonen and Lehtonen 2011), may surface in the innovator’s mind. 
Therefore, in response to these identified gaps, this thesis addresses them in two 
essays separately.  
The aim of Essay 1 was to develop and test a theoretical model that explains the 
types of resources that public agencies depend on external stakeholders, and the 
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effects of public agencies’ resources dependencies on their open data sharing 
behaviour. Drawing on the resource dependency theory and the resource-based 
view, we identified the dimensions of public agency dependence and the 
different types of resources relevant to public organizations. Based on empirical 
survey data, this study has shown that IT and human resources contribute to 
public organizations’ dependence on external stakeholders. In addition, their 
dependence is positively related to the extent of open data sharing by the 
agencies.  
For Essay 2, the aim was to develop and test a theoretical model that explains 
the role of uncertainty and risk perception in influencing open data innovation 
intention. In addition to demonstrating the value of using the risk-taking 
perspective to explain open data innovation intention, we examined the effect 
of different types of uncertainty on risk perception. In particular, several types 
of uncertainty (financial, technological, demand, competitive) were identified 
and synthesized from the entrepreneurship literature. We further proposed and 
found support for a unique form of uncertainty, data uncertainty, which affects 
open data risk perception. The model also examined the direct or moderating 
effects of psychological variables such as risk taking propensity and 
innovativeness on risk perception or innovation intention.  
Overall, this thesis contributes to theory building in open data research, and 
offers guidance for practitioners in open data sharing. Specifically, it examines 
in depth the supply and demand side of open data, which are the essential 
components for open data innovation to become a reality. For the supply side, 
Essay 1 has provided a more comprehensive understanding into the drivers 
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behind public organizations’ open data sharing behaviour by forging a synergy 
between resource dependency theory and the resource-based view. This essay 
showed that external stakeholders are depended on to provide technological and 
human resources for public sector innovation purposes, which can motivate 
public agencies’ participation in open data sharing. The findings further 
provides managers with a deeper appreciation of the potential barriers that can 
influence their data sharing decision, and of open data as a means to obtain 
certain external resources.  
On the demand side, Essay 2 has shed light on how different types of uncertainty 
can influence the risk perceptions of potential innovators, and consequently 
affect their intention to innovate with open data. Specifically, it extends the risk-
taking perspective by demonstrating its usefulness in an innovation decision 
situation, in the open data context. In addition, by drawing on several 
psychological variables from entrepreneurship literature, this essay has 
examined their influence on open data innovation intention. This essay further 
suggests that managers should strive to reduce risk perceptions of innovation 
with open data by playing an active role in mitigating the different types of 
uncertainties. In addition, more attention can be given to potential innovators 
that possess certain psychological characteristics.  
As open data is beginning to gain traction as an approach for public agencies to 
allow their external stakeholders to play an increased role in public service 
innovation, studies of this nature can throw light on the phenomenon. 
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Appendix B- Participating Agencies in DATA.GOV.SG and 
Services Developed 
 
Table B.1: Participating Agencies in DATA.GOV.SG 
Government Agency Number of Datasets 
Accountant-General's Department  26 
Accounting and Corporate Regulatory 
Authority 56 
Agency For Science, Technology & Research  15 
Agri-Food & Veterinary Authority of 
Singapore  51 
Attorney-General’s Chambers  5 
Building & Construction Authority  95 
Central Narcotics Bureau  4 
Central Provident Fund Board  40 
Civil Aviation Authority of Singapore  8 
Council For Private Education  1 
Council for Estate Agencies  2 
Department of Statistics  3557 
Economic Development Board  1322 
Energy Market Authority  67 
Health Promotion Board  34 
Health Sciences Authority  14 
Hotels Licensing Board  1 
Housing & Development Board  92 
Immigration & Checkpoints Authority  52 
Infocomm Development Authority of 
Singapore 281 
Inland Revenue Authority of Singapore  24 
Insolvency Trustee's Office  3 
Institute of   Education  8 
Intellectual Property Office of Singapore  27 
International Enterprise Singapore  1173 
JTC Corporation  24 
Judiciary, Subordinate Courts  1 
Judiciary, Supreme Court  2 
Land Transport Authority  86 
Majlis Ugama Islam Singapura  4 
Maritime & Port Authority of Singapore  3 
Media Development Authority  3 
Ministry of Defence  4 
Ministry of Education  120 
Ministry of Finance  34 
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Ministry of Foreign Affairs  4 
Ministry of Health  267 
Ministry of Law  5 
Ministry of Law – Community Mediation 
Unit  1 
Ministry of Manpower  103 
Ministry of Social and Family Development  36 
Ministry of Transport  1 
Monetary Authority of Singapore  662 
Nanyang Polytechnic  7 
National Arts Council  3 
National Council of Social Service  8 
National Environment Agency  90 
National Heritage Board  4 
National Library Board  14 
National Parks Board  12 
Ngee Ann Polytechnic  6 
People's Association  12 
Public Service Division  21 
Public Transport Council  17 
Public Utilities Board  59 
Republic Polytechnic  8 
Sentosa Development Corporation  3 
Singapore Civil Defence Force  6 
Singapore Customs  23 
Singapore Land Authority  94 
Singapore Police Force  20 
Singapore Polytechnic  9 
Singapore Prison Service  38 
Singapore Sports Council  7 
Singapore Tourism Board  1 
Singapore Workforce Development Agency  17 
Spring Singapore  4 
Temasek Polytechnic  2 




Table B.2: Services Developed and Published in DATA.GOV.SG 
Application Name Developer Description Mode of 
Access 
1. Activfy Socioscale An app that allows the public to explore and plan for their next holiday by 
discovering a whole new world of up-to-date places, activities and weekend 
happenings 
iOS 
2. Afterparty.sg Afterparty.sg An online meeting point for people to share photos, discuss and connect after an 
event 
Web 
3. aMap Individual An app that allows a user to view on a map the following layers published by 
SLA: 
 Environment Friendly Buildings 
 Community Development Councils 
 Community Mediation 
 Community Clubs 
 Constituency Offices 
 Infocomm Accessibility 
 PA Holiday Facilities 
 Other PA Networks 
 PA Headquarters 
iPad 
4. beforeUdig Pelican Technologies 
Group 
Assists contractors in determining the presence of underground pipes and cables 
in and around any proposed dig site; This helps to valuable assets like pipes and 
utility cables during these works. 
Browser 
5. BusMesh@SG Individual Provides locals and tourists travelling in and around Singapore with information 
on bus routes and bus arrival timings 
Symbian 
6. Careers@Gov JobStreet Provides a listing of jobs in the public sector iOS 
7. Carpark Rates SGCM Pte Ltd Allows a user to search for car parking rates at locations all around Singapore iOS 
8. Carpark@SG WeesWares Pte Ltd Allows a user to find car park locations and rates in Singapore iOS 
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9. DengueLah BuUuk Pte Ltd Allows a user to locate the latest dengue fever outbreak cases in Singapore and set 
alerts when there are new cases reported 
iOS 
10. DriverShield Individual Targeted to help drivers on the road, using Google Map to get drivers around. Android 
11. EcoFinder@SG Individual  Aims to motivate users to go green and encourage them to reduce their waste 
output through recycling 
Windows 
Phone 
12. EduChoices Individual Consolidates courses from secondary schools, polytechnics and ITE for effortless 
searching 
Web 
13. EduSG Individual Gathers information about Singapore’s tertiary education in one place Windows 
Phone 
14. ElderlyCare Individual Elderly user can use this app to send predefined emergency SMS to the next-of-
kin and activate the “Call for Help” feature 
Symbian 
15. EyeWitnez MicroUsability Pte Ltd Allows a user to quickly make calls to the police or emergency services;  
- To file a report at the scene or a crime or accident 
- To be alerted when someone else in your vicinity has filed a report 
iOS 
16. FindIt - Singapore Equantech Helps members of the public locate wireless hotspots and places of interest in 
Singapore that are not available in standard search tools 
iOS 
17. FixMyStreet.sg Individual A site for the public to report, view or discuss issues with public facilities, such as 
litter and broken lifts in Singapore 
Web 
18. GetMeALot Individual Provides a map of car park lots available Windows 
Phone 
19. Gothere.sg GoThere LLP Helps users find their way around Singapore iOS 
20. Haze@SG Hosay Studios Allows the public to check the hourly Pollutant Standards Index (PSI) in 
Singapore on the go 
Android 
21. Healing Garden Codigo Pte Ltd Online reference to various tropical plants and herbs that provide cures and 
remedies 
iOS 




23. Healthy Hawkers 
SG 
Individual Features real time data of the different locations of hawkers in Singapore that are 
in the “healthier hawkers” program, the different types of ways you can identify 
healthier hawker centres in Singapore, and more information about the healthier 
choice symbol 
Android 
24. HPB Diet Tracker TechStudio Solutions Helps users to keep track of what they are eating, and it's tailored for the food and 
drink one can get in Singapore. 
iOS 
25. imHungry@SG Individual Helps connect users to their favourite fast food delivery hotlines to order the food 
they like 
iOS 
26. iTraffic@SG Asia GIS Pte Ltd Allows users to check Singapore’s real-time traffic condition, parking rates and 
lots availability, and even find info on real-time and forecasted weather for 
Singapore 
iOS 
27. Kiasu Map Individual To share the latest shopping, dining and leisure spots in Singapore iOS 
28. Libraries@SG Individual 
Makes it easy to search for library items, discover new titles, review books, create 
favourite lists, look up library branch information and more from your iPhone! 
iOS 
29. MallParking@SG Individual Provides information on car parking lot availability and carpark rates in 
Singapore’s town areas. 
Symbian 
30. mapSYNQ Quantum Inventions An app that combines the features of the livetraffic portal and some new 
additional features such as personalization, traffic cameras en-route, and traffic 
and ERP forecasting 
iOS, 
Android 
31. Marv Individual 
Displays points of interest on Google Map, switches into an Augmented Reality 
Viewer so that the POI's (Points OfINterest) can be easily found and incorporates 
proximity alerts for these POI' 
Android 
32. mGreenHandbook Individual Provides users with handy green tips, waste disposal sites and waste treatment 
locations and practices  
Android 
33. Mosques@SG Individual Allows members of the public to locate mosques by using a map navigation tool 
or by browsing a comprehensive listing of mosques in Singapore. 
iOS 
34. MySentosa Connected Machines Pte 
Ltd 
The app provides users with a handheld guide to the events, attractions, dining 
options, packages and promotions, recommended itineraries, amenities in Sentosa 
iOS 
164 
35. MyWeather@SG Hosay Studios A unique weather app that presents the 3 hours weather forecast in Singapore in a 
light-hearted manner 
Android 
36. NearbyTutors.sg Individual Helps users find a tutor nearby by searching an online database. This app serves 
both tutors and parents/students looking to find a tutor. 
Web 
37. Park-a-Lot {SG} NiiDees LLP An useful app for checking parking rates and helps the user to find alternative 
parking places near the user's destination in Singapore 
iOS 
38. ParkerMeister Individual Uses the live data-stream provided by the Land Transport Authority and provides 
a simple but smart interface where the user can see the open parking spaces in the 
vacinity 
iOS 
39. Parks "Live" @ SG  Individual Allows park visitors to explore Singapore’s Pasir Ris Park using augmented 
reality 
iOS 
40. Parkulator ComwerksWunderman Shows carparks in an area, showing the calculated price based on the start and end 
timings specified 
Android 
41. ParkWhere.sg Individual A crowd-sourced parking guidance system to estimate, predict and direct drivers 
to where they can best find a parking space 
Web 
42. Pickaskool Individual An app offering information in selecting secondary schools to parents and PSLE-
taking students 
iOS 
43. QTraf Quantum Inventions 
 
Displays real-time traffic news from Land Transport Authority. It also shows real-




44. SG Blood Individual Provides users with blood donation related information iOS 
45. SG Buses Delight 
Art 
Individual Provides auto nearby routes and bus arrival information, specially catered for the 
elderly 
iOS 
46. SG Halal Eating 
Guide 
Times Publishing  Provides a quick mobile reference for all Halal certified eateries in Singapore iOS 
47. SG Parking Individual Allows users to find parking rates for specific carparks in Central Singapore Android 
48. SG PSI Meter Individual Allows users to find out the latest PSI information in Singapore Windows 8 
49. SG Swimming 
Complex 




50. SG Traffic Cam Individual Displays live traffic camera images from Land Transport Authority to assist users 
in planning their route. 
Windows 8 
51. SG Traffic Incidents Individual Provides timely and accurate information on troubles on the roads. It facilitates 
the planning of travel routes to avoid trouble spots. 
Android 
52. SGのWeather Individual Shows Singapore’s weather with 3 hours, 3 days forecast and next 20 minutes 
weather forecast with map display 
iOS 
53. SG-Drive Individual Helps users plan their travel routes and time by giving them a bird's eye macro 
view of the traffic conditions with images from LTA installed cameras 
Windows 
Phone 
54. SGCarPark Loqcate Pte Ltd Helps users identify the carparks in their vicinity iOS 




56. SGTransport Individual Provides common Singapore public transport information such as bus arrival 
time, live traffic camera, traffic news, carpark availability and rate, cab booking 
as well as nearby place of interest. 
Windows 
Phone 
57. ShowNearby ShowNearby Pte Ltd Provide users with points-of-interest information, and locations of the nearest 
amenities and places of interest 
iOS 
Android 
58. Singapore Buses Individual A bus guide for users to view bus routes, get real time bus arrival time, view bus 
stops by road name, bookmark buses & bus stops, search buses, bus stops & 
roads,  view list of places, get the direction in map, find the nearby bus stops and 
view the figures of bus population. 
Android 
59. Singapore Prayer Individual Provides a quick reference for muslim prayer and fasting times Android 
60. Singapore PSI and 
Weather 
Individual Allows users to get up to date PSI and weather conditions Blackberry 
61. Singapore Traffic Individual Helps users know Singapore traffic situation. The supported features are Traffic 
Images, Traffic Information, Carpark Lots Availability, Carparks Rates, Park & 
Ride Location and Motor Vehicle Population chart. 
Android 
62. Singapore Weather Individual Helps users know Singapore weather.  Android 
63. Social Traffic Cam Orange Apps An app that helps users access all the road webcams in Singapore Android 
64. SRX  Streetsine For property agents and buyers to list and enquire on properties for sale or rent Browser 
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65. Taxi la! Individual Helps members of the public book a taxi easily in Singapore.  iOS 
66. The Great Singapore 
Rat Race 
Individual 
To make labour data accessible and easy to understand through data visualisation. 
Make data engaging by helping users to discover patterns through interactivity. 
Android 
67. TotoRoll Individual Allows users to find the nearest Toto outlets  Browser 
68. Traffic@SG WeesWares Pte Ltd Provides the following traffic related data from the Land Transport Authority 
• Real-time traffic news (traffic congestion, roadblocks, road works, accidents) 
• Specify timing to receive alerts on traffic conditions 
• Estimate journey time on all local highways 
• Check messages that appear on electronic road message (EMAS) boards in 
different locations 
iOS 
69. TraffiCam SG WeesWares Pte Ltd Provides near real-time traffic cam images from any one of 49 traffic cameras 
located all over Singapore 
iOS 
Android 
70. TrafficLah BuUuk Pte Ltd Informs Singapore drivers and commuters of traffic incidents and jams that may 
affect their travel and helps them plan their route to avoid undue delays in their 
journey. 
iOS 
71. Transitlink How2Go V3 Teletech Pte Ltd Allows users to plan their journey and will provide directions and map on how to 
travel by public transport. 
iOS 
72. Urbancook Urbancook A social food utility services that provides shoppers with the relevant context to 





Vslashr Showcase how data visualizations, using curated data from Singapore, present 
insights and stories that are easy to understand 
Web 
74. Waalkz - Singapore 
Heritage Walking 
Tours 
Waalkz Pte Ltd Provides a free interactive and multimedia self-guided walking tour of Singapore. iOS 
75. Walk Singapore: 
Bras Basah. Bugis 
Codigo Pte Ltd Allows users to find out more about the history and significance of Singapore’s 
national monuments, museums as well as interesting landmarks within the Bras 
Basah and Bugis precinct. 
iOS 




77. WeatherLah Buuuk Pte Ltd Provides weather forecasts using a combination of data from NEA and 
crowdsourced data. 
iOS 
78. WhereInSG Individual Helps people and businesses share their location using QR Code Web 
79. WhereTo.sg Individual Allows you to search and find a range of amenities around your location iOS 
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Appendix C- Construct Operationalization (Essay 1) 
 
Table C.1: Construct Labels Proposed in Unlabelled Sorting (Essay 1) 
Constructs Judges 
A B C D 
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Table C.2: Operationalized Constructs (Essay 1) 






RMT1: External innovators are 
major contributors to the total 
technological resources required 
for service innovation  
Iecovich (2001) 
 
RMT2: My agency uses a high 
amount of technological resources 
from external innovators for the 
innovation of services 
Saidel (1991) 
RMT3: External innovators are 
important technological resource 
contributors for service innovation 
in terms of the amount of 
contribution 
Caniels et al. (2010) 
 
RMT4: Technological resource 
contribution from external 
innovators accounts for a great 
extent of our innovation efforts 







RMH1: External innovators are 
major contributors to the total 




RMH2: My agency uses a high 
amount of human resources from 
external innovators for the 
innovation of services.  
Saidel (1991) 
RMH3: External innovators are 
important human resource 
contributors for service innovation 
in terms of the amount of 
contribution 
Caniels et al. (2010) 
 
RMH4: Human resource 
contribution from external 
innovators accounts for a great 
extent of our innovation efforts 





RMF1: External innovators are 
major contributors to the total 





Table C.2: Operationalized Constructs (Essay 1) 
resource 
(RMF) 
RMF2: My agency uses a high 
amount of financial resources from 
external stakeholders for the 
innovation of services.  
Saidel (1991) 
RMF3: External innovators are 
important financial resource 
contributors for service innovation 
in terms of the amount of 
contribution 
Caniels et al. (2010) 
 
RMF4: Financial resource 
contribution from external 
innovators accounts for a great 
extent of our innovation efforts 







RCT1: Technological resources 
contributed by external innovators 
is critical for service innovation 
Ganesan (1994) 
 
RCT2: The service innovation 
effort would be affected without 
technological resource 
contributions from external 
innovators 
Petersen et al. 
(2008) 
 
RCT3: Without technological 
resource contributions from 
external innovators, it will be 







RCH1: Human resources 
contributed by external innovators 
is critical for service innovation 
Ganesan (1994) 
 
RCH2: The service innovation 
effort would be affected without 
human resource contributions from 
external innovators 
Petersen et al. 
(2008) 
 
RCH3: Without human resource 
contributions from external 
innovators, it will be difficult for 




RCF1: Financial resources 
contributed by external innovators 
is critical for service innovation 
Ganesan (1994) 
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Table C.2: Operationalized Constructs (Essay 1) 
criticality 
(RCF) 
RCF2: The service innovation 
effort would be affected without 
financial resource contributions 
from external innovators 
Petersen et al. 
(2008) 
 
RCF3: Without financial resource 
contributions from external 
innovators, it will be difficult for 





SUB1: Besides external 
innovators, it is easy to find other 
sources for service innovation   
Peterson et al. 
(2008) 
SUB2: It would be easy for my 
agency to replace external 
innovators with other  sources for 
the innovation of services 
Ryu et al. (2007) 
 
SUB3: There are certainly other 
sources to support my  agency’s  




SUB4: There are plenty of 
alternatives to external innovators 
for the innovation of services 







DOT1: My agency is in the 
position to make external 
innovators contribute technological 
resources for service innovation 
(modified after sorting) 
DOT1: My agency is in the 
position to force external 
innovators to contribute 
technological resources for 
government service innovation 
(original item) 
Saidel (1991) 
DOT2: My agency can control the 
provision of technological 
resources by external innovators 




Table C.2: Operationalized Constructs (Essay 1) 
DOT3: My agency can ensure that 
external innovators provide 
technological resources for service 
innovation (modified after sorting) 
DOT3: My agency can regulate 
that external innovators provide 
technological resources for service 







DOH1: My agency is in the 
position to make external 
innovators contribute human 
resources for service innovation 
(modified after sorting) 
DOH1: My agency is in the 
position to force external 
innovators to contribute human 
resources for government service 
innovation (original item) 
Saidel (1991) 
 
DOH2: My agency can control the 
provision of human resources by 
external innovators for service 
innovation 
Self-developed 
DOH3: My agency can ensure that 
external innovators provide human 
resources for service innovation 
(modified after sorting) 
DOH3: My agency can regulate 
that external innovators provide 
human resources for service 







DOF1: My agency is in the 
position to make external 
innovators contribute financial 
resources for service innovation  
(modified after sorting) 
DOF1: My agency is in the 
position to force external 
innovators to contribute financial 
resources for government service 




Table C.2: Operationalized Constructs (Essay 1) 
DOF2: My agency can control the 
provision of financial resources by 




DOF3: My agency can ensure that 
external innovators provide 
financial resources for service 
innovation (modified after sorting) 
DOF3: My agency can regulate 
that external innovators provide 
financial resources for service 





DEP1: Overall, our dependence on 
external innovators for service 




DEP2: My agency is strongly 
dependent on external innovators 
for service innovation 
Ryu et al. (2007) 
 
DEP3: My agency needs to 
maintain the relationship with 
external innovators for service 
innovation 
Antia and Frazier 
(2001) 
 
DEP4: We need external 






With regards to the government 
guidelines on open data, my 
agency has to  
CON1: conform to the guidelines 
because our well-being depends on 
their resources 
CON2: adhere to the guidelines 
because we must maintain good 
relationships with upper levels 
within the government 
CON3: follow the guidelines 
because upper levels within the 
government are crucial to us 










ODB1: My agency shares raw data 
with the public (0 = No, 1 = Yes) 
Based on the available raw data 
that your agency has in possession, 
ODB2: What is the extent of data 
shared with the public? 
[1= Very little extent, 7= Very 
large extent] 
ODB3: Where does your agency 






TRA1: It is important for the 
government to provide any 
document that the public wants 
TRA2: We need to share 
everything that the government 
does because the public have a 
right to know  
TRA3: We should allow complete 
access to information to the public 
TRA4: Government records 
belong to the people, not to the 
government 






PUE1: We need to engage the 
public on government matters 
PUE2: It is important to engage 
the public for decision-making in 
government 
PUE3: We need to engage the 








SAF1: Overall, the nature of data 
that my agency handles is sensitive 
SAF2: As compared to most 
agencies, the function of my 
agency is more sensitive  
SAF3: My agency usually does not 
go public about our activities as it 
is confidential (modified after 
sorting) 
SAF3: My agency usually does not 
release much information to the 





DAQ1: The data that my organization 
maintains is sufficient to meet our 
needs 
DAQ2: The data that my organization 
maintains is accurate 
DAQ3: My organization maintains 
data at an appropriate level of detail 
DAQ4: The data that my organization 
has can be relied upon 
Nicolaou and 
McKnight (2006) 
Data as revenue 
source (DAR) 
DAR1: My organization charges for 
the external use of our data to earn 
revenue 
DAR2: The income obtained from the 
sales of data is important for my 
organization 
DAR3: Allowing free access to my 
organization’s data will lead to the 
loss of an important source of income 
DAR4: We need to charge for the use 
of our data to generate revenue 
Self-developed 
Note:  Items that are faint were items originally used for item sorting, which have been 
reworded based on the sorting results
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Table C.3: Results for Unlabelled Sorting Exercise (Essay 1) 
  Actual TOT Hit 
Rate Target 
Category 
RMT RMH RMF RCT RCH RCF SUB DOT DOH DOF DEP CON ODB TRA PUE SAF 
RMT 15       1         16 94% 
RMH  15       1        16 94% 
RMF   15       1       16 94% 
RCT    12             12 100% 
RCH     12            12 100% 
RCF      12           12 100% 
SUB       16          16 100% 
DOT        12         12 100% 
DOH         12        12 100% 
DOF          12       12 100% 
DEP           15    1  16 94% 
CON            12     12 100% 
ODB             4    4 100% 
TRA              16   16 100% 
PUE           2    10  12 83% 
SAF                12 12 100% 
Total Items: 208 Number of agreement: 202 Overall hit ratio: 97% 
RMT= Relative magnitude of technological resource, RCT= Technological resource criticality, DOT= Discretion over external technological resource, RMH= 
Relative magnitude of human resource, RCH= Human resource criticality, DOH= Discretion over external human resource, RMF= Relative magnitude of 
financial resource, RCF= Financial resource criticality, DOF= Discretion over external financial resource, SUB= Source substitutability, DEP= Public agency 
dependence, ODB=Open data sharing behaviour, CON=Public agency conformity needs, TRA=Need for transparency, PUE=Need for public engagement, 
SAF= Sensitivity of agency function 
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Table C.4: Results for Labelled Sorting Exercise (Essay 1) 
 Actual TOT Hit 
Rate Target 
Category 
RMT RMH RMF RCT RCH RCF SUB DOT DOH DOF DEP CON ODB TRA PUE SAF 
RMT 15       1         16 94% 
RMH  15       1        16 94% 
RMF   15       1       16 94% 
RCT 1   11             12 92% 
RCH  1   11            12 92% 
RCF   1   11           12 92% 
SUB       16          16 100% 
DOT        12         12 100% 
DOH         12        12 100% 
DOF          12       12 100% 
DEP           15    1  16 94% 
CON            12     12 100% 
ODB             4    4 100% 
TRA              16   16 100% 
PUE              1 11  12 92% 
SAF             2   10 12 83% 
Total Items: 208 Number of agreement: 198 Overall hit ratio: 95% 
RMT= Relative magnitude of technological resource, RCT= Technological resource criticality, DOT= Discretion over external technological resource, RMH= 
Relative magnitude of human resource, RCH= Human resource criticality, DOH= Discretion over external human resource, RMF= Relative magnitude of 
financial resource, RCF= Financial resource criticality, DOF= Discretion over external financial resource, SUB= Source substitutability, DEP= Public agency 
dependence, ODB=Open data sharing behaviour, CON=Public agency conformity needs, TRA=Need for transparency, PUE=Need for public engagement, 
SAF= Sensitivity of agency function 
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Appendix D- Common Method Bias Analysis (Essay 1) 
 
Table D.1: Common Method Bias Analysis (Essay 1) 












RMT1 1.01** 1.020 -0.09* 0.008 
RMT2 0.92** 0.846 0.06 0.004 
RMT3 1.00** 1.000 -0.09 0.008 





RMH1 0.85** 0.723 0.07 0.005 
RMH2 0.95** 0.903 -0.06 0.004 
RMH3 1.03** 1.061 -0.13 0.017 





RMF1 0.91** 0.828 0.02 0.000 
RMF2 0.88** 0.774 0.03 0.001 
RMF3 0.95** 0.903 -0.11 0.012 




RCT1 0.96** 0.922 -0.00 0.000 
RCT2 0.96** 0.922 -0.03 0.001 




RCH1 0.91** 0.828 0.05 0.003 
RCH2 0.96** 0.922 -0.07 0.005 




RCF1 0.93** 0.865 0.07* 0.005 
RCF2 0.97** 0.941 -0.04 0.002 





DOT1 0.94** 0.884 -0.01 0.000 
DOT2 0.93** 0.865 -0.00 0.000 





DOH1 0.95** 0.903 -0.01 0.000 
DOH2 0.96** 0.922 -0.05 0.003 





DOF1 0.93** 0.865 -0.01 0.000 
DOF2 0.93** 0.865 0.04 0.002 
DOF3 0.92** 0.846 -0.03 0.001 
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SUB1 0.95** 0.903 0.01 0.000 
SUB2 0.94** 0.884 -0.01 0.000 
SUB3 0.97** 0.941 -0.00 0.000 




DEP1 1.01** 1.020 -0.13 0.017 
DEP2 0.90** 0.810 -0.01 0.000 
DEP3 0.93** 0.865 -0.01 0.000 




CON1 0.93** 0.865 -0.05 0.003 
CON2 0.93** 0.865 -0.02 0.000 




TRA1 0.71** 0.504 0.08 0.006 
TRA2 0.87** 0.757 0.04 0.002 
TRA3 0.89** 0.792 -0.12 0.014 




PUE1 0.95** 0.903 -0.03 0.001 
PUE2 0.96** 0.922 -0.01 0.000 




SAF1 0.84** 0.706 0.04 0.002 
SAF2 0.89** 0.792 -0.01 0.000 
SAF3 0.83** 0.689 -0.05 0.003 
Data quality  DAQ1 0.84** 0.706 0.09 0.008 
DAQ2 0.85** 0.723 0.04 0.002 
DAQ3 0.88** 0.774 -0.06 0.004 
DAQ4 0.91** 0.828 -0.07 0.005 
Data as 
revenue source   
DAR1 0.95** 0.903 -0.04 0.002 
DAR2 0.94** 0.884 -0.06 0.004 
DAR3 0.91** 0.828 0.03 0.001 
DAR4 0.89** 0.792 0.07 0.005 
Average 0.918 0.846 0.003 0.005 
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Appendix E- Construct Operationalization (Essay 2) 
 
Table E.1: Construct Labels Proposed in Unlabelled Sorting (Essay 2) 
Constructs Judges 













































































































Table E.2: Operationalized Constructs (Essay 2) 







Availability of capital (First Order 
Reflective) 
AOC1: It is unpredictable if I will be 
able to obtain start-up capital 
AOC2:It is difficult to predict if funds 
for development can be obtained 
AOC3:It is unpredictable if I will be 
able to gain access to funds from 







Financial returns (First Order 
Reflective) 
FIR1:It is uncertain if there will be a 
positive return of investment by 
innovating with open data 
FIR2: It is uncertain if innovating with 
open data would be profitable 
 
Cocosila et al. 
2009 
 
FIR3: It is difficult to accurately 
predict the returns from innovating 
with open data 
FIR4: It is difficult to predict the 
magnitude of returns from innovating 
with open data 








Novelty (First Order Reflective) 
NOV1: The technology required to 
develop a new service with open data 
is new to me 
NOV2: The development process to 
create a new service with open data is 
unfamiliar to me 
 
Chen et al. 
2005 
NOV3:I am unfamiliar with the 




Table E.2: Operationalized Constructs (Essay 2) 
Construct Measures Source 
Technological turbulence (First 
Order Reflective) 
TUR1: The rate of the changes of the 
technology employed in services 
involving open data is unpredictable. 
TUR2: The changes in the technology 
used to develop services with open 






TUR3: It is difficult to anticipate how 
the technology used in services with 







COU1:It is difficult to accurately 
predict the competitive intensity in 
developing new services with open 
data  
Marino et al 
2008 
COU2: It is unpredictable  if there will 
be entry of new competitors 
(businesses or government agencies) 
offering comparable/substitute 
services 





COU4: It is unpredictable if 








For open data service,  
DEU1: users’ preferences changes 
quite rapidly 
DEU2: users tend to look for new 
services all the time 
DEU3: user demand is difficult to 
forecast  
DEU4: the change of customer 
preference is difficult to predict  
 
Atuahene-






Table E.2: Operationalized Constructs (Essay 2) 






DAU1: It is difficult to predict if 
public agencies will still release data 
for innovation purposes in the future 
DAU2: It is difficult to assess if public 
agencies will make data more 
accessible in the future 
DAU3: It is unpredictable if public 
agencies will improve the quality of 
data in the future 
DAU4:It is uncertain if public 
agencies will provide more data that is 







PRI1: I believe that creating services 
with open data is risky 
How would you rate the overall risk of 
innovating with open data?  
PRI2:(1 = Extremely low to 7 = 
Extremely high)  
How would you characterize open data 
innovation?  
PRI3: (1 = Low risk to 7 = High risk) 
PRI4: (1 = Low threat to 7= High 
threat)  
How would you characterize the 
possibility of innovating with open data? 
(original item) 
PRI3: (1 = Significant opportunity to 7 = 
Significant threat) (original item) 
PRI4: (1 = Positive situation to 7= 
Negative situation) (original item) 








Table E.2: Operationalized Constructs (Essay 2) 






Regarding innovating with open data, I 
am inclined to: 
RTP1: undertake risky decisions 
compared to other individuals 
RTP2: take on the challenges  
RTP3: invest aggressively  
RTP4: try out unfamiliar technology 
 
Keil et al. 2010 





INN1: I often surprise people with my 
novel ideas 
INN2: People often ask me for help in 
creative activities 
INN3: I prefer work that requires 
original thinking. 
INN4: I like to experiment with 






ITI1: I plan to develop a new service 
with open data in the next 6 months 
ITI2: I am likely to develop a new 
service with open data in the next 6 
months 
ITI3: I am contemplating to develop a 









LOC1: My life is determined by my 
own actions 
LOC2: When I get what I want, it is 
usually because I worked hard for it. 
LOC3: Whether or not I am successful 
in life depends mostly on my ability 




Table E.2: Operationalized Constructs (Essay 2) 





PEN1: Current government services 
do not offer the information I require 
PEN2: I have needs that cannot be met 
by current government services  
PEN3: The government services 
available are insufficient for my needs   
PEN4: I require more than what 
current government services provide 
PEN4:I have needs that cannot be met 
without inputs from open data (original 
item) 







ECS1: I will enjoy creating new 
services with open data to contribute 
to society 
ECS2: I will enjoy contributing to 
society by innovating with open data 
ECS3: It will feel good to contribute to 
society by innovating with open data 
ECS4: Innovating with open data for 
society will give me pleasure 
Kankanhalli et 
al. 2005 
Note: Items that are faint were items originally used for the pilot study, which have 
been reworded based on the pilot results
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Table E.3: Results for Unlabelled Sorting Exercise (Essay 2) 
 Actual TOT Hit Rate 
Target 
Category 
FIU TEU COU DEU DAU PRI RTP LOC INN ITI N.A.   
  AOC FIR NOV TUR  
FIU AOC 12             12 100% 
FIR  12            12 100% 
TEU NOV   12           12 100% 
TUR    12          12 100% 
COU      16         16 100% 
DEU      16        16 100% 
DAU       16       16 100% 
PRI  3      13      16 81% 
RTP         16     16 100% 
LOC          16    16 100% 
INN           15  1 16 94% 
ITI            12  12 100% 
Total Items: 172 Number of agreement: 168 Overall hit ratio: 98% 
FIU=Financial uncertainty, AOC= Availability of capital, FIR=Financial returns, TEU=Technological uncertainty, NOV = Novelty, TUR=Technological 
turbulence, COU=Competitive uncertainty, DEU=Demand uncertainty DAU=Data uncertainty, PRI=Perceived risk of innovating, ITI= Intention to 




Table E.4: Results for Labelled Sorting Exercise (Essay 2) 
 Actual TOT Hit Rate 
Target 
Category 
FIU TEU COU DEU DAU PRI RTP LOC INN ITI   
  AOC FIR NOV TUR  
FIU AOC 11 1           12 90% 
FIR  12           12 100% 
TEU NOV   12          12 100% 
TUR    12         12 100% 
COU      16        16 100% 
DEU      16       16 100% 
DAU       16      16 100% 
PRI        14    2 16 87% 
RTP         16    16 100% 
LOC          16   16 100% 
INN           16  16 100% 
ITI            12 12 100% 
Total Items: 172 Number of agreement: 169 Overall hit ratio: 98% 
FIU=Financial uncertainty, AOC= Availability of capital, FIR=Financial returns, TEU=Technological uncertainty, NOV = Novelty, TUR=Technological 
turbulence, COU=Competitive uncertainty, DEU=Demand uncertainty DAU=Data uncertainty, PRI=Perceived risk of innovating, ITI= Intention to 
innovate, INN=Innovativeness, RTP=Risk taking propensity, LOC=Internal locus of control  
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Appendix F – Pilot Study Tests (Essay 2) 
Table F.1: Demographic Information (Pilot Study) 
Characteristic Freq. (n=91) Percent 
Gender 
Male 70 76.9 
Female 21 23.1 
Age 
22-25 35 38.5 
26-29 36 39.6 
>=30 20 22.0 
Educational Qualification 
Degree (Bachelors) 56 61.5 
Degree (Masters/PhD) 35 38.5 
Industry 
Consulting 6 6.6 
Manufacturing 3 3.3 
Education/Training 9 9.9 
Engineering 6 6.6 
Finance/Banking/Insurance 6 6.6 
Information Technology 37 40.7 
Telecommunications 7 7.7 
Others 17 18.7 
Job Role 
Assistant Chief/ Chief Technology 
Officer 2 
2.2 
Computer Engineer 22 27.5 
IT Analyst 9 12.1 
IT Consultant 4 4.4 
Lecturer 2 2.2 
Manager 11 12.1 
Project Lead 4 4.4 
Senior Computer Engineer 4 4.4 
Senior Manager 4 5.5 
Software Developer 5 5.5 
Research Officer 1 1.1 
Student 15 9.9 





<1,000 22 24.2 
1,001 to 2,000 7 7.7 
2,001 to 3,000 8 8.8 
3,001 to 4,000 21 23.1 
4,001 to 5,000 13 14.3 
5,001 to 6,000 10 11.0 
6,001 to 7,000 4 4.4 
>7,000 6 6.6 
Programming Experience:  




Table F.2: Psychometric Properties of Constructs (Pilot Study) 

















AOC1 0.85* 0.79*** 
N.A. 
AOC2 0.65 0.90*** 
AOC3 0.72 0.87*** 
Financial returns (FIR) 
(CA=0.84 , CR=0.90,  
AVE= 0.75) 
FIR1 0.79 0.84*** 
FIR2 0.68 0.90*** 









(CA=0.89 , CR= 0.93,  
AVE= 0.82) 
NOV1 0.86 0.89*** 
N.A. 
NOV2 0.82 0.92*** 
NOV3 0.84 0.91*** 
Technological Turbulence 
(TUR) 
(CA=0.84 , CR=0.90 ,  
AVE= 0.76) 
TUR1 0.79 0.88*** 
TUR2 0.75 0.88*** 
TUR3 0.80 0.86*** 
Competitive uncertainty 
(COU) 
(CA=0.79 , CR=0.86,  
AVE= 0.61) 
COU1 0.82* 0.66*** 
COU2 0.66 0.84*** 
COU3 0.71 0.85*** 
COU4 0.72 0.77*** 
Demand uncertainty (DEU) 
(CA=0.80 , CR=0.87,  
AVE= 0.62) 
DEU1 0.74 0.82*** 
DEU2 0.75 0.77*** 
DEU3 0.78 0.67*** 
DEU4 0.72 0.87*** 
Perceived risk of innovation 
(PRI) 
(CA=0.74 , CR= 0.83,  
AVE= 0.56) 
PRI1 0.71 0.76* 
PRI2 0.71 0.78* 
PRI3 0.66 0.72* 
PRI4 0.66 0.73* 
Risk-taking propensity 
(RTP) 
(CA=0.87 , CR=0.87,  
AVE= 0.63) 
RTP1 0.82 0.61 
RTP2 0.80 0.89 * 
RTP3 0.85 0.71 
RTP4 0.84 0.92* 
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Table F.2: Psychometric Properties of Constructs (Pilot Study) 
Innovativeness (INN) 
(CA=0.83 , CR=0.88,  
AVE= 0.65) 

















INN2 0.73 0.88*** 
INN3 0.80 0.71*** 
INN4 0.81 0.82*** 
Intention to innovate (ITI) 
(CA=0.94 , CR=0.96,  
AVE= 0.89) 
ITI1 0.91 0.93*** 
ITI2 0.88 0.96*** 
ITI3 0.93 0.94*** 
Personal need (PEN) 
(CA=0.85 , CR=0.04#, 
AVE=0.14# ) 
PEN1 0.83 0.63 
PEN2 0.81 0.11 
PEN3 0.77 0.05 
PEN4 0.84 -0.38 
Data uncertainty (DAU) 
(CA=0.87, CR=0.91, 
AVE=0.72 ) 
DAU1 0.85 0.84*** 
DAU2 0.81 0.90*** 
DAU3 0.83 0.85*** 
DAU4 0.86 0.81*** 
Internal locus of control 
(LOC) 
(CA=0.77, CR=0.80,  
AVE= 0.52)  
LOC1 0.78* 0.93* 
LOC2 0.67 0.61* 
LOC3 0.68 0.66* 
LOC4 0.73 0.58* 
Enjoyment in contributing 
to society (ECS) 
(CA=0.92, CR=0.94,  
AVE= 0.81) 
ECS1 0.90 0.92*** 
ECS2 0.88 0.94*** 
ECS3 0.89 0.90*** 
ECS4 0.91 0.84*** 
CA: Cronbach’s Alpha Coefficient; CR: Composite Reliability; AVE: Average 
Variance Extracted; 
*Cronbach’s Alpha for the scale can be improved by deleting this item; 
*p < 0.05 (t=1.96) ; **p < 0.01 (t=2.58), ***p < 0.001 (t=3.3) 
#Caused by issue with PEN4, which was subsequently reworded 
194 
Table F.3: Factor Analysis of Reflective Constructs (Pilot Study) 
Item 
 Factors Extracted 
AOC FIR NOV TUR COU DEU DAU PEN PRI PRI ITI LOC INN ECS RTP 
AOC1 0.78 0.22 0.04 -0.04 -0.01 0.04 0.04 -0.08 -0.02 0.15 -0.05 -0.12 0.10 -0.15 -0.04 
AOC2 0.81 0.13 0.07 0.13 0.14 -0.03 0.11 0.17 0.10 -0.02 -0.12 0.14 0.02 -0.04 -0.14 
AOC3 0.78 0.10 -0.06 0.09 0.10 -0.06 0.20 0.12 0.08 0.05 -0.16 0.14 0.02 0.17 -0.05 
FIR1 0.25 0.74 -0.07 -0.07 0.08 0.24 0.16 -0.10 0.06 0.11 0.00 0.02 0.00 -0.03 -0.15 
FIR2 0.06 0.85 0.06 -0.04 0.14 0.05 0.13 0.04 0.04 0.09 -0.10 -0.09 -0.13 -0.15 -0.08 
FIR3 0.17 0.77 0.00 0.03 0.09 0.11 0.03 0.09 0.00 -0.04 -0.24 -0.01 0.09 -0.14 -0.10 
NOV1 -0.01 0.06 0.85 0.11 0.10 0.12 0.05 0.04 0.03 -0.06 -0.06 0.03 0.15 -0.15 -0.08 
NOV2 0.01 -0.01 0.86 0.05 0.17 -0.02 0.03 0.05 0.07 -0.06 -0.21 0.10 -0.14 -0.03 -0.06 
NOV3 0.04 -0.05 0.88 0.14 -0.04 0.08 -0.01 -0.02 0.09 -0.03 -0.11 0.04 0.03 -0.06 -0.02 
TUR1 0.02 0.11 0.24 0.76 -0.03 0.26 0.11 -0.13 0.12 0.04 -0.14 -0.07 -0.06 0.17 0.08 
TUR2 0.16 -0.07 0.01 0.79 0.05 0.26 0.25 0.06 0.07 0.06 -0.05 0.06 -0.09 0.09 0.02 
TUR3 0.00 -0.09 0.13 0.84 0.14 0.02 0.07 0.11 -0.05 0.01 -0.07 0.06 -0.03 0.05 -0.09 
COU1 0.04 0.08 0.16 0.32 0.61 -0.07 0.10 0.26 0.02 -0.07 0.06 0.17 -0.12 -0.28 0.10 
COU2 0.06 0.22 -0.05 0.06 0.75 -0.05 0.28 0.12 0.06 0.11 -0.17 -0.19 0.13 0.11 -0.01 
COU3 0.13 0.05 0.19 -0.04 0.76 0.22 0.14 0.01 0.10 0.13 -0.08 -0.06 -0.04 0.12 -0.10 
COU4 0.04 0.07 0.04 0.06 0.68 0.11 0.24 0.05 -0.07 0.14 -0.03 -0.06 0.17 0.13 -0.18 
DEU1 0.07 0.12 -0.05 0.11 0.17 0.70 0.05 0.18 0.14 0.01 -0.12 0.27 -0.08 -0.04 0.22 
DEU2 -0.04 0.06 0.04 0.14 0.11 0.74 0.04 -0.01 0.15 -0.10 0.03 0.16 -0.02 0.13 0.09 
DEU3 0.01 0.21 0.10 0.15 -0.15 0.72 0.19 0.04 0.00 0.00 0.06 0.07 0.05 0.02 -0.15 
DEU4 -0.11 0.04 0.19 0.12 0.22 0.67 0.27 0.07 -0.21 0.14 0.05 0.28 -0.16 0.03 -0.01 
DAU1 0.05 0.12 0.07 0.04 0.23 0.05 0.75 -0.02 0.17 0.08 0.04 0.22 -0.11 -0.06 0.07 
DAU2 0.00 0.08 0.01 0.05 0.14 0.20 0.86 0.02 0.10 0.05 0.05 0.02 0.01 0.09 -0.09 
DAU3 0.13 0.10 -0.08 0.20 0.10 0.00 0.83 -0.04 0.00 0.15 -0.04 0.07 0.10 -0.04 -0.05 




 Factors Extracted 
AOC FIR NOV TUR COU DEU DAU PEN PRI PRI ITI LOC INN ECS RTP 
PEN1 0.02 0.09 0.00 0.05 0.19 -0.08 0.04 0.84 0.03 0.00 -0.09 0.07 -0.01 -0.03 0.12 
PEN2 0.10 -0.04 -0.07 -0.11 -0.01 0.13 0.01 0.76 0.07 0.13 -0.09 -0.02 0.09 0.35 0.00 
PEN3 -0.04 0.02 0.15 0.04 0.09 0.05 -0.04 0.88 -0.01 0.02 0.03 -0.11 0.05 0.12 0.09 
PEN4 0.17 -0.06 -0.02 0.09 -0.05 0.14 0.03 0.70 0.07 0.07 0.08 -0.11 0.24 0.23 -0.04 
PRI1 -0.05 0.13 0.11 -0.01 -0.01 0.07 0.14 0.13 0.86 0.15 -0.06 -0.04 -0.07 -0.08 -0.07 
PRI2 0.17 -0.04 0.09 0.09 0.09 0.07 0.01 0.00 0.85 0.13 -0.11 -0.02 0.05 -0.06 -0.02 
PRI3 0.07 0.06 -0.02 0.04 0.12 -0.04 0.05 0.06 0.15 0.90 0.03 -0.06 -0.04 0.01 0.10 
PRI4 0.08 0.06 -0.11 0.04 0.11 0.01 0.09 0.08 0.12 0.91 -0.07 -0.07 0.02 0.01 0.02 
ITI1 -0.13 -0.16 -0.09 -0.09 -0.12 0.00 -0.01 -0.04 -0.10 -0.09 0.87 0.00 0.03 0.12 0.14 
ITI2 -0.10 -0.11 -0.13 -0.03 -0.09 -0.01 -0.07 0.03 -0.06 0.04 0.89 -0.07 0.13 0.11 0.16 
ITI3 -0.09 -0.06 -0.20 -0.12 0.04 0.04 0.04 -0.07 -0.04 0.01 0.84 -0.09 0.02 0.26 0.11 
LOC1 -0.18 0.05 -0.01 0.06 0.06 0.09 -0.04 -0.08 0.05 0.06 -0.20 0.70 0.15 -0.04 0.11 
LOC2 0.18 -0.10 0.07 0.00 -0.03 0.08 0.04 -0.03 0.00 -0.04 0.06 0.80 -0.04 0.11 0.01 
LOC3 -0.08 -0.01 0.16 0.04 -0.08 0.26 0.04 -0.05 -0.04 -0.19 -0.04 0.72 -0.06 0.17 0.01 
LOC4 0.25 -0.02 -0.02 -0.03 -0.17 0.18 0.14 -0.01 -0.12 -0.01 0.00 0.68 0.24 0.07 -0.02 
INN1 -0.08 0.17 0.01 -0.07 0.01 -0.13 0.03 0.10 0.12 -0.10 0.03 0.05 0.83 0.23 0.11 
INN2 0.12 -0.15 0.01 -0.05 0.03 -0.09 -0.04 0.06 -0.04 -0.08 0.07 0.01 0.86 0.11 0.23 
INN3 0.22 0.02 0.19 -0.18 0.13 0.16 0.08 0.09 -0.24 0.02 -0.01 0.07 0.53 0.15 0.42 
INN4 0.05 -0.07 -0.02 0.00 0.09 0.04 0.04 0.17 -0.03 0.28 0.11 0.19 0.61 0.09 0.31 
ECS1 -0.04 -0.16 -0.14 0.02 0.05 -0.01 0.10 0.28 -0.09 0.04 0.22 0.10 0.32 0.72 0.19 
ECS2 -0.03 -0.16 -0.13 0.09 0.03 -0.01 -0.03 0.19 -0.05 -0.04 0.20 -0.01 0.22 0.83 0.17 
ECS3 0.05 -0.09 -0.04 0.14 0.09 0.14 -0.03 0.11 0.01 0.03 0.16 0.14 0.10 0.80 0.27 
ECS4 -0.02 -0.02 0.00 0.08 0.06 0.04 0.00 0.14 -0.12 0.00 0.09 0.16 0.01 0.76 0.36 
RTP1 -0.01 -0.17 -0.10 0.06 0.01 0.00 -0.05 -0.04 0.03 0.14 0.22 0.06 0.23 0.31 0.70 
RTP2 -0.14 0.05 -0.10 -0.03 -0.04 0.05 -0.02 0.04 -0.08 0.04 0.14 0.10 0.27 0.29 0.77 
RTP3 -0.16 -0.24 0.12 0.07 -0.24 -0.14 0.07 0.06 -0.03 0.10 0.20 0.02 0.12 0.14 0.69 




AOC FIR NOV TUR COU DEU DAU PEN PRI PRI ITI LOC INN ECS RTP 
Eigenvalues 1.55 1.35 2.10 1.15 1.62 1.68 6.98 3.79 1.00 1.10 2.78 2.02 2.29 7.85 3.05 
Variance  3.04 2.65 4.12 2.26 3.18 3.30 13.68 7.43 1.97 2.16 5.44 3.97 4.50 15.40 5.98 
Cumulative 
Variance  
3.04 5.69 9.81 12.07 15.25 18.55 32.24 39.67 41.64 43.80 49.24 53.21 57.71 73.10 79.09 
AOC= Availability of capital, FIR=Financial returns, NOV = Novelty, TUR=Technological turbulence, COU=Competitive uncertainty, DEU=Demand 
uncertainty DAU=Data uncertainty, PEN=Personal need, PRI=Perceived risk of innovating, ITI= Intention to innovate, INN=Innovativeness, RTP=Risk 
taking propensity, LOC=Internal locus of control, ECS=Enjoyment in contributing to society 
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Table F.4: Inter-Construct Correlation (Pilot Study) 
 AOC FIR NOV TUR COU DEU DAU PEN PRI ITI LOC INN ECS RTP 
AOC 0.85                           
FIR 0.34 0.87                         
NOV 0.08 0.06 0.91                       
TUR 0.17 0.04 0.27 0.87                     
COU 0.26 0.31 0.20 0.26 0.78                   
DEU 0.06 0.26 0.19 0.38 0.24 0.79                 
DAU 0.28 0.26 0.10 0.32 0.43 0.34 0.85               
PEN 0.16 0.02 0.04 0.09 0.23 0.14 0.06 0.37             
PRI 0.21 0.20 0.05 0.16 0.26 0.09 0.20 0.17 0.75           
ITI -0.27 -0.30 -0.30 -0.18 -0.18 -0.04 -0.08 -0.01 -0.16 0.94         
LOC 0.11 -0.03 0.12 0.11 -0.06 0.39 0.12 -0.04 -0.12 -0.08 0.72       
INN 0.12 -0.07 0.01 -0.09 0.09 -0.01 0.06 0.27 0.00 0.17 0.18 0.81     
ECS -0.04 -0.27 -0.17 0.14 0.06 0.13 0.03 0.39 -0.07 0.38 0.19 0.45 0.90   
RTP -0.21 -0.33 -0.18 -0.01 -0.15 0.04 -0.02 0.19 -0.03 0.39 0.12 0.52 0.60 0.79 
 
Mean 4.80 4.77 4.33 4.55 4.97 5.38 5.01 4.44 3.79 3.26 5.58 5.15 5.07 4.79 
Standard 
Deviation 
1.06 1.31 1.56 1.16 1.06 1.08 1.24 1.07 1.09 1.54 0.91 0.99 1.09 1.18 
*Bold diagonals represent the square root of average variance extracted for reflective constructs; 
AOC= Availability of capital, FIR=Financial returns, NOV = Novelty, TUR=Technological turbulence, COU=Competitive uncertainty, DEU=Demand 
uncertainty, DAU=Data uncertainty, PEN=Personal need, PRI=Perceived risk of innovating, ITI= Intention to innovate, INN=Innovativeness, RTP=Risk 
taking propensity, LOC=Internal locus of control, ECS=Enjoyment in contributing to society 
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Appendix G – Common Method Bias Analysis (Essay 2) 
 
Table G.1: Common Method Bias Analysis (Essay 2) 












AOC1 0.89** 0.792 0.00 0.000 
AOC2 0.91** 0.828 -0.03 0.001 




FIR1 0.85** 0.723 0.01 0.000 
FIR2 0.90** 0.810 -0.04 0.002 
FIR3 0.86** 0.740 -0.02 0.000 
FIR4 0.85** 0.723 0.05 0.003 
Novelty 
 
NOV1 0.84** 0.706 0.07 0.005 
NOV2 0.95** 0.903 -0.04 0.002 




TUR1 0.92** 0.846 0.03 0.001 
TUR2 0.94** 0.884 0.02 0.000 




COU1 0.85** 0.723 -0.02 0.000 
COU2 0.86** 0.740 0.03 0.001 
COU3 0.91** 0.828 -0.06 0.004 
COU4 0.85** 0.723 0.06 0.004 
Demand 
uncertainty 
DEU1 0.92** 0.846 0.09 0.008 
DEU2 0.85** 0.723 0.02 0.000 
DEU3 0.90** 0.810 0.00 0.000 




DAU1 0.91** 0.828 -0.08 0.006 
DAU2 0.96** 0.922 -0.06 0.004 
DAU3 0.90** 0.810 0.05 0.003 
DAU4 0.86** 0.740 0.06 0.004 
Risk Perception and Innovation Intention 
Intention to 
innovate 
ITI1 0.94** 0.884 -0.00 0.000 
ITI2 0.99** 0.980 0.05 0.003 
ITI3 0.90** 0.810 -0.04 0.002 
Perceived risk 
of innovation 
PRI1 0.83** 0.689 0.08 0.006 
PRI2 0.86** 0.740 0.08 0.006 
PRI3 0.90** 0.810 -0.01 0.000 
















INN1 0.90** 0.810 -0.03 0.001 
INN2 0.96** 0.922 0.08 0.006 
INN3 0.87** 0.757 -0.05 0.003 




RTP1 0.94** 0.884 0.01 0.000 
RTP2 0.94** 0.884 -0.00 0.000 
RTP3 0.89** 0.792 -0.01 0.000 




LOC1 0.86** 0.740 0.06 0.004 
LOC2 0.94** 0.884 -0.08 0.006 
LOC3 0.92** 0.846 0.07 0.005 




ECS1 0.85** 0.723 0.07 0.005 
ECS2 0.88** 0.774 0.08 0.006 
ECS3 1.06** 1.124 -0.15 0.023 
ECS4 0.93** 0.865 -0.01 0.000 
Personal need PEN1 0.81** 0.656 0.05 0.003 
PEN2 0.89** 0.792 -0.07 0.005 
PEN3 0.94** 0.884 -0.01 0.000 
PEN4 0.89** 0.792 0.04 0.002 
Average 0.90 0.81 0.006 0.003 
*p <0.05; **p<0.01 
 
